
FAST: A Fog Computing, Distributed
Analytics-based Fall Monitoring System for Stroke

Mitigation
Yu Cao, Dept. of Computer Science, The University of Massachusetts, Lowell, MA 01854, USA

Songqing Chen, Dept. of Computer Science, George Mason University Fairfax, VA 22030, USA

Peng Hou, Donald Brown, Dept. of Computer Science, The University of Massachusetts, Lowell, MA 01854, USA

Abstract—Fog computing is a recently proposed computing
paradigm that extends Cloud computing and services to the
edge of the network. The new features offered by fog computing
(e.g., distributed analytics and edge intelligence), if successfully
applied for pervasive health monitoring applications, has great
potential to accelerate the discovery of early predictors and
novel biomarkers to support smart care decision making in
a connected health scenarios. While promising, how to design
and develop real-word fog computing-based pervasive health
monitoring system is still an open question. As a first step to
answer this question, in this paper, we employ pervasive fall
detection for stroke mitigation as a case in study. There are
four major contributions in this paper: (1) to investigate and
develop a set of new fall detection algorithms, including new
fall detection algorithms based on acceleration magnitude values
and non-linear time series analysis techniques, as well as new
filtering techniques to facilitate fall detection process; (2) to
design and employ a real-time fall detection system employing fog
computing paradigm, which distribute the analytics throughout
the network by splitting the detection task between the edge
devices (e.g., smartphones attached to the user) and the server
(e.g., servers in the cloud); (3) we carefully exam the special
needs and constraints of stroke patients and propose patient-
centered design that is minimal intrusive to patients. This type of
patient-centered design is currently lacking in most of the existing
work; and (4) our experiments with real-word data show that our
proposed system achieves the high sensitivity (low missing rate)
while it also achieves the high specificity (low false alarm rate).
At the same time, the response time and energy consumption of
our system are close to the minimum of the existing approaches.

I. INTRODUCTION

Biomedical research and clinical practice are entering a
data-driven era [18], providing an unprecedented opportunity
for making smart and optimized healthcare decision with
improved outcomes, while reducing healthcare costs. One of
the main application areas of biomedical big data research
is pervasive mobile health monitoring. Most pervasive health
monitoring applications employ inexpensive and unobtrusive
sensors that can collect physiology data for chronic condition
in natural living environment. Typically, large volume of
sensor data will be collected and transmitted to the server
in the cloud for further analysis. However, real-world user
experiences with mobile cloud-based health monitoring were

poor, due to the factors such as excessive networking latency
and longer response time. On the other hand, fog computing
[33], [6], [31], [7], a newly proposed computing paradigm,
utilizes one or a collaborative multitude of end-user clients
or near-user edge devices to conduct a substantial amount
of computing, storage, communication, and etc. This new
computing paradigm, if successfully applied for pervasive
health monitoring, has great potential to accelerate the dis-
covery of early predictors and novel biomarkers to support
and enable smart care decision making in a connected health
scenarios. In this paper, we employ a real-world pervasive
health monitoring application (pervasive fall detection for
stroke mitigation) as a case in study. The main objective of our
research is to explore the feasibility and efficacy of applying
fog computing paradigm for pervasive health monitoring, as
well as demonstrating the effectiveness and efficiency of the
proposed system.

In the United States, stroke kills over 133,000 people
per year [17]. It was estimated that nearly 800,000 strokes
occurred in 2013. There are more than seven million stroke
survivors in the U.S. whose age is over 20. While stroke
has been a very serious problem and it is predicted to get
worse. In this paper, we focus on investigating, developing, and
validating FAST - a fog computing, distributed analytics-based
fall monitoring system for stroke Mitigation. Fall is a major
source of morbidity and mortality among elderly and stroke
patients often have multiple falls in a year [2]. Therefore, we
use full detection as a case in point to demonstrate the efficacy
and effectiveness of our proposed designs, algorithms, and
systems.

Recent research [20], [29] indicates that one third of stroke
could be prevented if we can help the potential victims reduce
and/or mitigate the stroke-related risk factor, such as fall.
Accordingly, a large number of computer-aided techniques
[19], [22], [30] have been proposed and developed for stroke
monitoring, prevention, early diagnosis, rehabilitation, and
early recovery. However, most of the existing solutions heavily
rely on the physiological information collected using expen-
sive and obtrusive sensing systems from episodic care of



acute setting. On the other hand, the last a few years have
witnessed an explosive increase of low-cost Human-Computer
Interaction (HCI) devices (e.g., smartphones, smart watch, and
Google Glass). Therefore, plenty of research has been done to
leverage these low-cost devices for fall detection. Based on the
devices used and the collected information for fall detection,
they can be classified into following three categories.

The first category relies on the ambient devices to collect
data related to people, such as vibration, for fall detection [15].
The limitations are that these systems detect all pressures,
so there is no discrimination between an object falling and
a person. The second category are the systems using visual
devices (e.g., cameras). However, a pre-built infrastructure
is needed for both the ambient devices and cameras based
approaches. As a result, it is very difficult to use these
approaches for outdoor activities. The third approach mainly
uses wearable devices. In this approach, falls are normally
detected through the use of an accelerometer. Compared to
the first two approaches, the wearable device-based approach
offers some advantages, such as low installation cost and
relative small size and portability.

While there are substantial research and development efforts
on new algorithms and systems for early predictors and novel
biomarkers for stroke patients using wearable devices [14],
[32], real-world wearable computing tools and applications in
stroke-related clinical practice with the capacity of real-time
fall detection are rare, mainly because of the following two
major barriers: (1) the first is that many of the existing systems
have design assumptions or constraints that are unrealistic
and infeasible for stroke patients. For example, many existing
fall detection systems require a user to fix the position and
orientation of the sensors or require the user to wear multiple
sensors at the same time. Such requirements are unrealistic for
stroke patients because many of them have severe physical,
cognitive and emotional functioning impairing; (2) the second
barrier is that many existing fall detection algorithms are either
based on simple thresholds that often produce too many false
alarms or based on sophisticated learning-based techniques
that are too heavy to be executed at the low cost devices with
limited computing resources.

In this study, we set to: (1) investigate and develop a set
of new fall detection algorithms, including new fall detec-
tion algorithms based on acceleration magnitude values and
non-linear time series analysis techniques, as well as new
filtering techniques to facilitate fall detection process; and (2)
design and employ a real-time fall detection system, called
U-Fall, which employs fog computing paradigm. Our system
distributes the analytics throughout the network by splitting
the detection task between the edge devices (e.g., smartphones
attached to the user) and the server (e.g., servers in the cloud).
Specifically, in U-Fall, the detection task is carefully split
between the smartphone and the cloud. While the front-end
mobile device quickly conducts light-weight computation for
fall detection, the sensor data are also transmitted to the
back-end cloud in real-time for more accurate detection. The
front-end and the back-end run our newly devised detection

algorithms. Such a distributed analytics-based detection can
significantly improve the detection results while maintaining
a low response time and consuming as little battery power as
possible on the smartphone. We have implemented a prototype
system of U-Fall on Samsung Galaxy S3 running Android
4.0.4 Ice Cream Sandwich and Amazon AWS. Experimental
results show that U-Fall achieves the high sensitivity (which
also implies very low miss rate) close to that when using
the simple threshold approach while it also achieves the high
specificity (which also means low false alarm rate) close to
that when using the learning techniques. At the same time,
the response time and energy consumption of U-Fall are close
to the minimum of the existing two approaches.

Our contributions in this study are fourfold. First, we
have designed a set of new algorithms for fall detection that
outperform existing fall detection algorithms. Second, we have
designed and implemented a real-time and portable fall detec-
tion system, U-Fall, based on fog computing and distributed
analytics using pervasive and low-cost smartphones. Third,
we carefully exam the special needs and constraints of stroke
patients and propose patient-centered design that is minimal
intrusive to patients. This type of patient-centered design is
currently lacking in most of the existing work. Last but not
the least, our experiments shows the feasibility and efficacy of
applying fog computing to pervasive health monitoring, as well
as demonstrate the effectiveness and efficiency of our system.
To the best of our knowledge, our proposed system is the first
large scale, real-word pervasive health monitoring system that
employs the fog computing paradigm and distributed analytics,
as well as patient-centered design that is minimal intrusive
to patients via careful examination of the special needs and
constraints of stroke patients.

This rest of the paper is organized as follows. Section II
introduces the background and the state-of-the-art of fall
detection algorithms and systems. Section III presents the
architecture, components, and algorithms for the proposed
fall detection system based on fog computing and distributed
analytics. Section IV describes the implementation detail of U-
Fall. Section V presents the evaluation results of U-Fall. We
discuss U-Fall limitations in Section VI and make concluding
remarks in Section VII.

II. RELATED WORK

The first related research area is fog computing [33], [6],
[31], [7]. Under the fog computing paradigm, the cloud is
shifted to the edge of the network and the routers may
become the virtualisation infrastructure. By extending the
cloud paradigm to the edge of the network, fog computing
offers a unifying paradigm for cloud infrastructures and smart-
items infrastructures. One of the main advantages of fog
computing is that this paradigm could reduce the latency, offer
location awareness, as well as support the users and/or sensor
mobility. These benefits maybe very useful for pervasive health
monitoring. However, real-world attempts for applying fog
computing paradigm to pervasive computing are rare, mainly
because of the complexity of health care. In paper [31], authors



presented an architecture for a smart healthcare infrastructure
based on fog-computing-informed paradigm. However, the
use-case provided in this paper is a very simple example (blood
pressure measurement process in home care). Without more
challenging tasks, it is difficult to evaluate the effectiveness
and efficacy of the proposed system.

The second related research area is using wearable devices
for fall detection. It is gaining popularity recently and various
detection algorithms have been designed. Most of the existing
fall detection algorithms can be classified into two categories.
The first and the major category often employs the threshold-
based schemes [4], [8], [9], [11], [13], [21], [23]. While
threshold-based approaches can respond to fall events in
almost real-time and many of them have very high sensitivity
(low miss rate), a recent survey study [5] that validates thirteen
published fall-detection algorithms using real-world fall data
has indicated that most of them suffer from frequent false
positives (high false alarm rate and low specificity).

To address the false alarm issue, some recent fall detec-
tion systems seek to employ sophisticated pattern-matching
algorithms [12], [25], [26], [28], the second category of the
existing fall detection algorithms. While introducing learning-
based algorithms indeed reduces the false alarms, most of them
are unfortunately too heavy to be trained in real-time and
executed on the wearable devices (due to low computation
capacity and limited storage space).

Regardless which type of algorithms being used, most
of them have specific requirements regarding the wearable
devices, making them less realistic. For example, some ex-
isting fall detection systems (e.g., [13]) require more than
one accelerometer and require that the sensors be attached in
specific locations in order to make it possible to determine the
user’s posture. While these methods allow for better specificity,
it also makes the system inconvenient to use. In some other
existing systems (e.g., [9]), sensors have to be strapped on
locations to which it may be difficult to attach a device, such
as the calf, thigh, or head, and there are restrictions on how the
sensors must be oriented. Some other fall detection systems
(e.g., [23]) use a gyroscope to measure angular velocity and
determine posture information. The posture information is then
used along with the accelerometer data to determine if there
has been a fall. However, gyroscopes use more energy than
accelerometers, and therefore have a greater impact on the
battery life.

Some of the fall detection studies have considered to
use mobile devices as the sensing devices. For example, in
[25], authors use the accelerometers equipped in smartphones.
However, real-time detection was not supported in this paper
because both the training and testing were in an offline manner.
In addition, their approach requires the user to fix the position
and orientation of the phone. If the position and orientation of
the phone were unknown, the accuracy of the fall detection is
severely reduced.

Compared to existing detection algorithms and systems,
our devised algorithms and developed U-Fall overcome these
barriers by carefully splitting the detection task between the

edge devices (e.g., smartphones attached to the user) and the
server (e.g., servers in the cloud). This type of distributed
analytics ensure the most accurate and real-time detection
results while maintaining a low battery consumption on the
edge device (e.g., smartphone) for prolonged lifetime. Last but
not the least, when designing the system, we take a patient-
centered approach to design and develop the system that is
user friendly for stroke patients.

III. U-FALL DESIGN

A. Overview

U-Fall utilizes smartphones for sensing. Besides the smart-
phone for sensing and data capturing, the fall detection in U-
Fall is done in a collaborative manner between the smartphone
and the resourceful cloud as shown in Figure 1. As shown by

Fig. 1. Overall architecture of U-Fall, which utilize the fog computing to
distribute the analytics throughout the network

Figure 1, the user is only aware of the front-end (an App)
running on the smartphone, while the back-end, connected
via network, is totally transparent to the user. Note that
both the front-end and the back-end can make independent
detection results (e.g., when there is no connection to the
cloud possible), but collaborative detection will be able to
improve the accuracy and reduce the false alarms. This type of
distributed analytics can take full advantages of fog computing
paradigm: instead of pushing all the data and computation
to the cloud, we will distribute the analytics throughout the
network. Both the edge intelligence and cloud intelligence will
be fully utilized.

Based on carefully exam of the special needs and constraints
of stroke patients, we briefly introduce two patient-centered
design considerations as follows. First, instead of using other
wearable devices, U-Fall utilizes smartphones for sensing
for two reasons: (1) many stroke patients, especially over
7 million stroke survivors, have severe physical, cognitive
and emotional functioning impairing; and (2) smartphone are
pervasive, unobtrusive, portable, with low cost, and of relative
small size. Second, in a smartphone, there are often multiple
sensors (e.g., Gyroscopes and accelerometers) available for
motion detection. We choose to only use accelerometers (pre-
installed in most of the existing smartphones) because it may
not be practical for stroke patients to recharge the mobile
devices frequently (As we have discussed in the ”Related
Work” section [23], [10], gyroscopes consume more energy
than accelerometers). In addition, instead of requiring more
than one accelerometers and that the sensors be attached to
specific locations [13], U-Fall only uses one accelerometer.



Fig. 2. U-Fall designs and components

These design choices have lead to our system design as
shown in Figure 2. As shown in this figure, U-Fall consists of
the following three major modules:

1. Front-end Module (FM): the FM runs on the smart-
phone. It further consists of three subcomponents, namely
RSS Detector, ADLs Filter, and Alarm. RSS Detector runs
the RSS threshold-based detection algorithm, while the ADLs
Filter runs the fall-like ADLs filtering algorithm. We will
discuss the algroithm details in the later section. Alarm takes
the input from either the server side or the previous two
subcomponents directly (when there is no connection available
with the server) and decides whether to contact the pre-stored
emergency contact information or 911 if no emergency contact
is set.

2. Back-end Module (BM): the BM runs on the cloud. It
consists of two sub-components, namely Data Pre-processor,
and Non-linear Analyzer. Data Pre-processor is a pre-
processing component to filter out the sensor data received
from the front end. Non-linear Analyzer performs non-linear
analysis for fall detection based on the pre-processed data.

3. Communication Module (CM): CM provides two chan-
nels for communication between the FM and the BM. It
transfers the sensor data from the FM to the BM via Input
Channel, and it also passes the detection results from the BM
to the FM via Output Channel.

B. Fall Detection Algorithms

As indicated by Figure 2, U-Fall is a two-stage fall detection
system. The core of U-Fall is the fall detection algorithms
running on the FM and the BM. In this subsection, we present
these algorithms in detail.

1) Fall Detection Schemes on the Front-end: While
the FM consists of three components, the detection related
algorithms run in RSS Detector and ADLs Filter only. At
a high level, the RSS Detector runs the threshold-based fall

detection, while ADLs Filter runs the fall-like ADLs filtering
algroithm. Details of these algorithms are as follows.

1.1. RSS Detector: Threshold-based Fall Detection: The
threshold-based detection uses the value from root-sum-of-
squares (RSS) of acceleration magnitude. The RSS is the root-
sum-of-squares (or acceleration magnitude) and is calculated
using the equation below: RSS =

√
x2 + y2 + z2 where

x, y, and z represent the readings from the accelerometers.
By consulting with domain experts, we define that a fall
begins with a period of free fall, followed by the impact
with the ground, and then a period of inactivity, which can
range from a matter of seconds to a few hours. During free
fall, a person’s RSS value falls below 1 g, approaching 0 g,
and then upon impact there is a sharp spike in the person’s
acceleration magnitude. To detect a fall event, we use two pre-
determined threshold values to test the RSS values. The first
threshold is the lower fall threshold (LFT), which is set to
some value between 1 g and 0 g, and the second threshold is
the upper fall threshold (UFT), which is set to an empirically
determined value, typically 3 g or higher. In order for the
system to detect a fall, the RSS value must first fall below
the LFT, indicating free fall. It must then rise above the UFT,
indicating the impact. We also check for a period of inactivity
after testing for both thresholds, which helps decrease false
positives. Specifically, our proposed algorithm is designed as
follows:

Input: x, y, z values reading from the accelerometer
1) Compute and compare the RSS value with lower fall

threshold (LFT) to indicate if a free fall happened.
2) If a free fall happen, compare RSS value with upper

fall threshold (UFT) to indicate if an impact happened.
Otherwise go to step 1.

3) If an impact happen, check the RSS value to indicate if
a period of inactivity happened. Otherwise go to step 1.

The major difference between our proposed RSS-based de-
tection and existing algorithms is that our proposed algorithm
does not use the widely used threshold values. Instead, we
purposefully increase the LFT value and decrease the UFT
value. By doing so, our proposed algorithm has extremely high
sensitivity, which means the miss rate of fall detection is very
low. This would lead to low specificity because it is likely to
report more false alarms and the false positive rate may be
higher than some existing algorithms. However, this issue can
be addressed by other components of U-Fall as we present
later.

1.2. ADLs Filter: Fall-like ADLs Filtering: As we just
discussed, while the RSS-based detection has great potential
to deliver a system with a very low miss-rate, this approach
may produce many false alarms [3]. One of the main false
alarm sources is from the fall-like Activities of Daily Livings
(ADLs) (i.e., jumping into a surface, sitting into a surface,
and etc.). The root cause of this issue is that the RSS-based
detection is based on simplified fall scenarios (i.e., fall is
defined as an unintentional transition to the lying posture). Due
to these simplified assumptions, the RSS-based detection has
difficulty in differentiating certain fall-like ADLs (e.g., sitting



on the chair, jumping into bed) from true falls [3] because
some normal ADLs may exhibit acceleration magnitude peaks,
e.g., a free-fall like stage (whose acceleration magnitude peak
falls below LFT) followed by an impact-like stage (whose
acceleration magnitude peak is greater than UFT), similar
to those that are present in falls. Therefore, when using the
threshold-based technique, these ADLs are likely to register
false positives.

To address this issue, we first apply Fall-like ADLs Filtering
on the front-end, which is capable of filtering out certain fall-
like ADLs. Specifically, our proposed filtering algorithm works
as follows.

Input: x, y, z values reading from the accelerometer
1) Compute and compare average acceleration magnitude

variation (AAMV) with threshold to classify if a real
fall happened or a fall-like activity: (1) sitting quickly
on soft surface such as sofa or (2) sitting quickly on
hard surface such as chair.

2) Compute and compare free fall interval (FFI) and
free fall average acceleration magnitude variation
(FFAAMV) to indicate the fall-like activity: (3) jumping
on the ground.

2) Fall Detection Schemes on the Back-end: While the
proposed algorithms in the front-end module can remove many
false alarms, they are not able to remove all false alarms.
There are several reasons for this issue. The first is that in
our system, the smartphone is not required to be strapped
on in certain locations. Rather, the smartphone can simply be
placed in any pant pocket located near the waist. Additionally,
there is no restriction as to how the smartphone must be
oriented in the pocket. This is very convenient from the user’s
point of view. However, from the technical point of view,
this is very challenging because we need to develop new fall
detection algorithms that are robust to the changes of position,
orientation, and location of the phone.

Motivated by the recent progress in sensor data filtering
[27], we develop the orientation filtering technique. Due to
the computation cost of the proposed algorithm, U-Fall runs
it on the cloud.

2.1. Data Pre-Processor: Orientation Filtering: Currently,
the Data Pre-Processor performs orientation filtering. Specifi-
cally, it works as follows.

Input: x, y, z values (accelerometer data) which was
captured and transmitted from the FM

1) Data samples are segmented by windowing for features
extraction.

2) Correct orientation by using MARG (magnetic, angular
rate, and gravity) system.

2.2. Non-Linear Analyzer: Fall Detection based on Non-
linear Time Series Analysis:

While the proposed algorithms in both the FM and the
BM can filter out certain type of fall-like ADLs, such as
jumping into a surface, sitting into a surface, they are unable
to recognize more difficult cases such as bending-pick-up,
squatting-down. To deal with these more complicated cases,

we propose to use non-linear analysis and our proposed
algorithm is rooted from time series mining. However, the
direct application of existing time series mining algorithms,
such as [24], will yield unsatisfied results, due to the unique
characteristics of sensor data from smartphones. We propose
a new learning-based time series mining algorithms based on
nonlinear time series analysis. Traditionally, nonlinear time
series analysis techniques have not been widely employed in
the area of machine learning. However, recent advances in
dynamical system models (e.g., parametric or nonparametric
models, linear or nonlinear models) and related model match-
ing algorithms have indicated that new computing approaches
that model the human physiology data (such as data from
wearable accelerometers) as a sequence of observations of
a dynamical system could be a potential solution. In our
proposed algorithm, we use the delay embedding theorem as
our starting point. The delay embedding theorem can be used
to build a dynamic system by reconstructing from a sequence
of observations. We choose this because of several reasons.
First, the delay embedding theorem has been extensively used
to model the nonlinear dynamical system, such as physiology
time series data from ECG or EEG devices. Second, the
accelerometer data is generated by the human movements
that include movements of arms, legs, hips, their joints, and
their interactions with surrounding environments (e.g., grounds
or chairs). Therefore, we believe that non-linear dynamical
systems are ideal models for human movements, and our
proposed algorithm is as follows:

Input: x, y, z values (accelerometer data) which was
captured and transmitted from the FM

1) Time-delay reconstruction: Model the accelerometer
data, build a set of models (M) from a time-series
segment.

2) Update the model set (M) by generating a new set of
models (M’) from a new time-series segment.

3) Compute and compare distance between time-delay re-
construction models M and M’ by using Geometric
Template Matching (GTM).

4) Learn and fit a weak classifier.
5) Repeat step 1 to step 4 to enhance the classifier.
6) Return different sets of model and the final strong

classifier.

IV. SYSTEM IMPLEMENTATION

We have implemented a prototype of U-Fall. The FM is
implemented on Android 4.0.4 (Ice Cream Sandwich), and
the BM is implemented using the Amazon AWS. The CM is
implemented using Web services. In this section, we present
implementation details.

A. Front-end Implementation

We develop an Android application for the front-end mod-
ule. It runs on Samsung Galaxy S3 running Android 4.0.4 Ice
Cream Sandwich. The threshold-based fall detection algorithm
and the fall-like ADL filtering algorithm are implemented in
this application, as well as the alarm.



The App we implement has two operation modes. The first
operation mode is the Background Mode, which means the
application is running as a ”service process”. In this mode, the
application is started by startService() and it does not present
a user interface. This mode is used for real-world deployment
for fall detection. That is, before we assign the smartphone to
users, we will install this application in the device and this
application is running as a background process. This service
process will keep running until it is stopped explicitly by a user
or the smartphone runs out of memory, or the phone is powered
off. The second operation mode is the Data Collection Mode.
Under this mode, the user will start the App as a foreground
process so that the user can interact with the App via the User
Interface (UI). This is to allow us to collect different types
of data from users under different scenarios. They are used in
our experiments.

In the implementation, we change the inactivity detection
so that it only runs when there has been a possible fall. The
inactivity has to be detected within 5 seconds after a potential
fall. This can reduce unnecessary computations and ensure that
we only detect inactivity directly after a possible fall. Any
inactivity that does not occur directly after a possible fall is
irrelevant. More details are as follows.

RSS Detector Implementation: The RSS Detector runs
the threshold-based fall detection algorithm, the core of which
is the choice of the threshold. We test three different UFTs:
1.6 g, 2 g, and 2.5 g. From our tests, we find that the 2 g
threshold yields the best results. We thus use that as UFT for
our algorithm.

The sampling rate of the sensors is another factor. The 20 ms
(GAME) sampling rate yields too much noises in the readings;
the RSS values seem to jump around inexplicably, especially
in the free fall interval. The 200 ms (NORMAL) sampling
misses some of the peaks and/or troughs of falls and activities
performed. The 60 ms (UI) sampling rate is fast enough that
the peaks and troughs of falls and activities are present and
slow enough that there is not a lot of superfluous noises.

ADLs Filter Implementation: The ADLs Filter is to filter
out Fall-like ADLs.

In this step, we mainly compute three values: the average
acceleration magnitude variation (AAMV) index, the free fall
interval (FFI), and the free fall average acceleration magnitude
variation (FFAAMV). The AAMV is used to filter out two
types of fall-like ADLs: ”sitting quickly on soft surface such as
sofa” and ”sitting quickly on hard surface such as chair”. The
combination of FFI and FFAAMV can filter out the ”jumping
on the ground”, which is another type of fall-like ADLs.

Data Collector and Alarm Implementation: To facilitate
data collection efforts and support our experiments (next
section), we also develop a mobile data collection App in
the front-end module, together with the Alarm. The App has
the following features: a user can choose to annotate the
activities they perform, automatically collect the accelerometer
data when the user performs the activities, and automatically
transmit the data to the server in the cloud. The Android-based
data collection App is straightforward to use. Once inside the

app, the user presses the ”Start Monitoring” button to start the
service and may then leave the App and continue to use their
smartphone without stopping the service (in order to stop, the
service must be explicitly stopped by the user). The service
has an event listener registered with the SensorManager so
that whenever a change in acceleration is detected, the on-
SensorChanged() method is called. If a fall is detected, the
system starts an alarm with a 30-second countdown and asks
the user if s/he falls. The user may respond with ”Yes, I fell.”
or ”No, I did not fall.” If the user selects ”Yes, I fell,” or if
the countdown runs out, the alert class notifies the emergency
contact or 911 directly. If the user selects ”No, I did not fall,”
an alert is not issued.

Fig. 3. Screenshot of the front-end of U-Fall

Figure 3 shows a screenshopt of the Android App that
integrates the proposed algorithms running on a Samsung
Galaxy S3 running Android 4.0.4 Ice Cream Sandwich.

B. Back-end Implementation

The implementation of the back-end module is based on
Amazon Web Services (AWS) [1]. We use a micro instance
of 64-bit Windows Server 2008 R2 Base. MySQL database is
installed in the server.

Pre-Processor Implementation: As aforementioned, due
to the different sensor orientations, it is possible the same
accelerometer measurements may generate different values.
Our proposed orientation filtering method in Pre-Processor can
correct the orientation by rotating the smartphone’s frame of
reference and aligning it to the earth frame of reference. In
order to describes the sensor frame of reference with respect
to the earth frame of reference, we compute a quaternion to
do so. With the quaternion, the data samples are rotated to
align with the common frame. We develop an algorithm to
measure the sensor’s orientation relative to the direction of
the the earth’s magnetic and gravitational field by using an
Attitude and Heading Reference System (AHRS) [27].

Non-Linear Analyzer Implementation: The Non-Linear
Analyzer runs the nonlinear time series analysis Geometric
Template Matching (GTM) [16]. GTM works by combining
the conventional boosting machine learning algorithm with the



feature extraction potentials of time delayed embedding and
GTM. The weak classifier is the Naive Bayes. The features
which are used for training are the similarity scores of the
respective models. The GTM algorithm, which is used to
extract the features from the time series, works by computing
a total score for each model, generated by the time-delay
embedding, which is calculated by dividing the dot product
of the ”i” and ”i + 1” terms of both models by the max
difference, of the Euclidean norm, between either the original
models ”i” and ”i+1” vectors, or the projected models.

C. Communication Module Implementation

The CM implementation is straightforward. Basically, the
collected sensor data is stored in a plain text comma separated
value (CSV) file on the Android device’s SD card. The
Android app uses HTTP POST to send the file to a PHP
file that parses through the CSV file to put each value in its
corresponding database table. The database was then checked
for confirmation of the received data to make sure that a stable
link was made between the client and the server. The data is
uploaded to the server periodic, which means the software will
upload the values to server every 16 samples. The result from
the Non-Linear Analyzer is also sent back to the Alarm in the
FM via HTTP.

V. PERFORMANCE EVALUATION

A. Experiment Setup

As our preliminary experiments have shown that 2 g for
the UFT can produce the best result, we thus use 2 g in the
performance evaluation. Similarly, the UI sampling rate is set
at 60 ms, or 16 2/3 Hz. In all the following experiments, we
use Samsung Galaxy S3 running Android 4.0.4 Ice Cream
Sandwich as the front-end to install the FM of U-Fall. This
smartphone uses Snapdragon S4 SoC (from Qualcomm) fea-
turing a dual-core 1.5 GHz Krait CPU and an Adreno 225
GPU. It also has a 16 GB of internal storage. In the back-end,
a micro instance of 64-bit Windows Server 2008 R2 Base
provided by AWS EC2 service is used for experiments. The
RAM of the AWS server is 4GB.

In order to evaluate the effectiveness and efficiency of
U-Fall, we also implement two other systems running the
state-of-the-art fall detection algorithms for comparisons. The
first one, entitled as T-System, employs the threshold-based
technique for impact detection (which is a typical indication
of fall occurrence) and posture monitoring (because the last
phase of fall event usually includes a lying posture). This has
been used in the majorities of existing studies [4], [8], [9],
[11], [13], [21], [23].

As some other studies [12], [25], [26], [28] have also used
pattern-matching for fall detection, we also implement into the
second system, called P-System, for comparisons.

Both systems are evaluated against our U-Fall, and the
performance metrics we use include response time, energy
consumption, and detection accuracy. Among these metrics,
detection accuracy is further divided into Sensitivity and
Specificity. Sensitivity indicates the system’s ability to detect

real falls. Specificity refers to the system’s ability to detect only
real falls, i.e., its ability to filter out false positives. In order
to calculate these two metrics, one must first tally up the true
positives, false negatives, false positives, and true negatives
resulting from the tests: True positive (TP): a fall occurs and
is correctly detected; False negative (FN): a fall occurs and is
not detected; False positive (FP): a fall did not occur, but the
system detects as a fall; and True negative (TN): a fall did not
occur, and the system did not detect a fall. The sensitivity is
defined as sensitivity = TP/(TP +FN) and the specificity
is defined as specificity = TN/(TN + FP )

B. Data Set

After close discussion with our clinical collaborators (e.g.,
primary stroke care physicians), we have decided to seek
volunteers for tests. For easy comparisons between different
systems, we first collect a large volume, high quality, real-
world (or near real-world) fall data set, which includes the
following two parts: 1. evaluation data by volunteers: 20 stu-
dents volunteers were recruited to serve as subjects. After the
training session offered by the doctor, each of them wears the
smartphone for 2 weeks. During the 2-week period, they spent
2 hours per day to simulate the activity of daily living (ADL)
of the stroke patients, including regular ADL (e.g., walking,
jogging) and different types of fall events (different types of
fall events are presented later). All the data were recorded and
annotated. 2. evaluation data using a rescue dummy: Since
some of the falls and ADLs are difficult for volunteers, we
also use a rescue dummy, called Rescue Randy, that we loaned
from the local fire department. The Rescue Randy is a dummy
whose height is 6 feet 1 inch and whose weight is 180 lbs. We
choose Rescue Rady because it was developed for lifelike adult
or juvenile victim handling, transportation, and extrication
training. It is a manikin that can be safely used in situations
too hazardous or uncomfortable for human volunteers. It also
features with articulated joints, weight distribution according
to human weight distribution chart. These features make them
particular suitable for sibilating the real-world fall activities.
For each fall activity, we attached the smartphone to Rescue
Randy for a period of 2 hours and put Randy to conduct the fall
activity under different scenarios. The sensor readings were
recorded during each activity.

The fall activities we have collected are organized into a
two level categories hierarchy [3]. The volunteers and Rescue
Randy repeated the fall event of their specified categories for
multiple times. We refer to the number of fall events performed
by them as the number of instances for that particular activity.
Table I summarizes these categories and sub-categories as well
as the corresponding number of instances included in the data
set.

In addition to collecting the fall activities, we also collected
other activities of daily living (ADLs). These ADL are a set
of fall-like activities of daily living that can lead the system to
produce false positives. Similar to the fall activities, the data
sets are collected from volunteers and Rescue Randy that sim-
ulated the stroke patients’ ADL activities under the guidance



TABLE I
FALL CATEGORIES AND SUB-CATEGORIES AND THE NUMBER OF INSTANCES

Category/#instances Sub-category/# instances Description

Forward Fall/328

Front-lying/39 From vertical going forward to the floor
Front-protecting-lying/37 From vertical going forward to the floor with arm protection
Front-knees/74 From vertical going down on the knees
Front-knees-lying/0 From vertical going down on the knees and then lying on the floor
Front-right/43 From vertical going down on the floor, ending in right lateral position
Front-left/44 From vertical going down on the floor, ending in left lateral position
Front-quick-recovery/61 From vertical going on the floor and quick recovery
Front-slow-recovery/30 From vertical going on the floor and slow recovery

Backward Fall/167

Back-sitting/44 From vertical going on the floor, ending sitting
Back-lying/36 From vertical going on the floor, ending lying
Back-right/47 From vertical going on the floor, ending lying in right lateral position
Back-left/40 From vertical going on the floor, ending lying in left lateral position

Right&Left Fall/105

Right-sideway/34 From vertical going on the floor, ending lying
Right-recovery/34 From vertical going on the floor with subsequent recover
Left-sideway/37 From vertical going on the floor, ending lying
Left-recovery/0 From vertical going on the floor with subsequent recovery

Lateral Fall/48 Rolling-out-bed/48 From lying, rolling out of bed and going on the floor

of the doctors. The ADL activities are also organized into a
two level categories hierarchy [3]. Table II summarizes these
categories and sub-categories as well as the corresponding
number of instances we have collected in the data set.

C. Evaluation Results

In our experiments, the readings from the accelerometers
recorded from each data set from both fall activities and ADLs
activities are merged according to the timestamps and then
are fed into U-Fall. Since we have the ground truth (because
the fall and ADLs events were properly annotated during the
collection phase), in evaluating the Response Time and Energy
Consumption, we differentiate them from each other in order
to see if there is difference for three systems responding to
them.

In the experiments, the front-end also uses the same Sam-
sung Galaxy S3, the same as the one used in the data collec-
tion. To closely approximate the field tests, we use 4G LTE
service by a major telecommunication company with 15 Mbps
and 8 Mbps for download and upload, respectively, when
communicating with the Amazon AWS server. For energy
consumption, we use the PowerTutor [34].

TABLE III
RESPONSE TIME (MS) OF THREE SYSTEMS UPON FALL ACTIVITIES

Event T-System P-System U-Fall
Forward Fall 32.41 42.17 33.23
Backward Fall 38.44 53.07 37.68
Right and Left Fall 41.39 58.2 40.41
Lateral Fall 31.87 45.89 34.93
Average 35.38 47.85 35.67

Table III shows the comparison of the response time of the
three systems in response to fall events. Each row in this table
represents the one category of fall activity defined in Table I.
Due to the space limit, we omit the second-level breakdowns
and only show the average response time for the first-level
fall category (defined in the first column of Table I). The first
column of this table represents the name of the event (e.g.,

different types of falls and/or ADLs). The second column to
the fourth column show the response time of each system
being tested. The last row averages the comparison of response
time from all the events. Table III shows that compared to
the Pattern-matching system, the response time of U-Fall is
reduced by 25% on average: as shown in the last column,
the response time is reduced from 47.85 millisecond to 35.67
millisecond. Compared to the simple Threshold-based system,
the response time of U-Fall is very close.

TABLE IV
RESPONSE TIME (MS) OF THREE SYSTEMS UPON ADL ACTIVITIES

Event T-System P-System U-Fall
Forward Activity 48.03 83.89 49.34
Backward Activity 22.37 39.83 22.96
Down Activity 42.26 68 43.30
Lateral Activity 28.93 52.65 29.90
No-Direction Activity 43.2 70.36 44.72
Average 33.39 58.45 34.32

Table IV shows the comparison of the response time of the
three systems upon different types of ADL activities. While
the data sets are different, both Table III and Table IV show a
similar pattern: the response time of our U-Fall system is very
close to the response time of the Threshold-based system. At
the same time, U-Fall can substantially reduce the response
time when compared to the Pattern-matching system. On the
other hand, in general, we can see that recognizing ADLs takes
more time than recognizing fall activities in all three systems.

TABLE V
ENERGY CONSUMPTION (JOULE) OF THREE SYSTEMS UPON FALL

ACTIVITIES

Event T-System P-System U-Fall
Forward Fall 1.31 2.32 1.54
Backward Fall 1.39 2.44 1.59
Right and Left Fall 1.38 2 1.91
Lateral Fall 1.12 1.86 1.77
Average 1.33 2.26 1.63



TABLE II
ADLS CATEGORIES AND SUB-CATEGORIES AND THE NUMBER OF INSTANCES

Category /#instances Sub-category/# instances Description

Forward Activity/173

Walking(WAF)/26 Walking forward
Jogging(JOF)/18 Running
Bending(BEX)/25 Bending of about X degrees (0-90)
Bending-pick-up(BEP)/23 Bending to pick up an object on the floor
Stumble (STU)/24 Stumbling with recovery
Limp(LIM)/28 Walking with a limp
Trip-over (TRO)/30 Bending while walking and then continue walking

Lateral Activity/72 Lying-bed (LYBE)/50 From vertical lying on the bed
Rising-bed (RIBE)/22 From lying to sitting

No-direction Activity/25 Coughing-sneezing (COSN)/25 No direction, coughing and sneezing

Table V shows the corresponding energy consumption of the
three systems upon different types of fall activities. Similar
to table III, the last row summarizes the average of energy
consumption. This table shows that the energy consumption
of U-Fall is very close to the energy consumption of the
Threshold system. Compared to the Pattern-matching system,
the energy consumption of U-Fall is reduced by 28%: as shown
in the last column, the energy consumption is reduced from
2.26 Joule to 1.63 Joule. This is expected as most of the
complicated computation in U-Fall is offloaded to the cloud.

TABLE VI
ENERGY CONSUMPTION (JOULE) FROM DIFFERENT SYSTEMS

Event T-System P-System U-Fall
Forward Activity 2.42 3.70 2.5
Backward Activity 1.38 2.38 1.45
Down Activity 2.30 3.62 2.38
Lateral Activity 1.58 2.69 1.66
No-Direction Activity 2.39 3.67 2.49
Average 1.83 2.96 1.91

Table VI summarizes of the corresponding energy con-
sumption of the three systems upon different types of ADLs
activities. From this table, we can still observe that U-Fall’s
energy consumption is close to that of the Threshold-based
system, while it is much better than that of the Pattern-
matching system. Not surprisingly, comparing Table V and
Table VI, we find that recognizing ADLs takes more time and
thus consumes more energy on the smartphone as well.

TABLE VII
FALL DETECTION ACCURACY OF THREE SYSTEMS

Event T-System P-System U-Fall
Sensitivity 90% 78% 88%
Specificity 65.1% 75.2% 74.6%

Finally, Table VII lists the fall detection accuracy of three
different systems. As shown in this table, while the sensitivity
of U-Fall is slightly worse than Threshold-based system (88%
VS 90%), U-Fall improves the accuracy by 13% (increase from
78% to 88%) when compared to the Pattern-matching System.
This means that the ability of U-Fall to detect real falls is much
higher. At the same time, compared to the Threshold-based
system, U-Fall achieves much higher specificity (increase from
65.1% to 74.6%). Compared to the Pattern-matching system,

the specificity was reduced very slightly. This means the ability
of U-Fall to detect only real falls (in other words, its ability
to filter out false positives) is also much higher.

From a medical standpoint, it is most important to have a
high sensitivity, and the specificity is secondary to sensitivity.
Clearly, it is essential to detect any real falls that occur;
it is dangerous for a real fall to remain undetected. While
specificity is secondary, it is still important. It is inconvenient
and impractical for a fall detection system to have frequent
false positives, which would make for an unreliable system,
and any alarms would likely not be taken as seriously, making
the system less effective. Table VII clearly indicates that U-
Fall achieves good results on both sensitivity and specificity.

VI. DISCUSSIONS

As discussed in the previous sections, U-Fall is able to
achieve very high sensitivity (which means the chance of
missing real fall events is low), as well as high specificity
(which means the probability of making false alarms is also
low). However, the specificity of U-Fall is around 75%. While
this value is comparable to the state-of-the-art, we believe
that more research should be devoted to further improving the
specificity (in another word, to further reduce the false alarms).
We plan to investigate some new pattern matching techniques
and time delayed embedding and ensemble learning tech-
niques. We also want to point out that our current experiments
are based on about 1,000 events. As our research is related to
the biomedical field, more data sets are needed to provide more
convincing evidence on the efficacy and effectiveness of our
system. We are in the process of negotiating with the regional
stroke center to deploy U-Fall in the real-world stroke care
practice.

VII. CONCLUSION

The pervasive and low-cost mobile devices provide unprece-
dented opportunities for healthcare applications. However,
many of existing systems had poor performance due to the
excessive networking latency and longer response time. On
the other hand, the newly proposed fog computing is a dis-
tributed computing paradigm which extends cloud computing
and services to the edge of the network. Under the fog
computing paradigm, some application services are handled
at the edge of network (e.g, at a smart device) and some



application services are handled in a remote server at the cloud.
This type of distributed analytics and edge intelligence offers
great potential for improving the efficacy, effectiveness, and
efficiency pervasive health monitoring. We employ pervasive
fall detection as the case in study in this paper. Since fall is a
major source of morbidity and mortality among stroke patients,
plenty of research has been conducted on fall detection by
using such low-cost devices. However, most of existing fall-
detection systems utilizing such devices are inconvenient for
patients to use. In addition, the fall detection algorithms they
often employ are either too simple to generate very high
false negatives or too heavy to run on mobile devices. In
this study, we address these issues by designing new fall
detection algorithms and implementing them into a distributed
fall detection system, U-Fall, utilizing both edge devices (e.g.,
smartphones) and data center services (e.g., serve in the cloud).
The experiments show that U-Fall can achieve a low miss rate
and a low false positive rate when compared against the state-
of-the-art systems. To the best of our knowledge, our proposed
system is the first large scale, real-word system to answer
the open questions: how to design and develop real-word fog
computing-based pervasive health monitoring system. Next,
we plan to closely work with our clinical collaborators to
deploy U-Fall in the clinical practice.
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