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ABSTRACT
Fall detection is one of the major issues in health care
filed.
Falls can cause serious injury both in
physiology and psychology, especially to the old
people. A reliable fall detector can provide rapid
emergency medical care for the fallen down people.
Thus, a reliable and effectively fall detection system is
necessary. In this paper, we propose a system which
utilizing mobile phones as a detector to detect the
falling. When fall accident occurs, the system has
three response procedures for help.
The first
procedure is transmitting the emergency message to
the related people for help. The second procedure
shows the user’s status and location on the map of
webpage, according to user’s GPS location and status.
The third procedure makes the alarm sound; its
purpose is to let the person who nearby the user can be
noticed that the user needs help. First, using a
waist-mounted mobile phone to capture accelerometer
of the human body and adopt the DCT (Discrete
Cosine Transform) to analyze the value of
accelerometer to distinguish the activities of daily
living (ADL) and falls. ADL consist of walking,
standing and sitting.
We utilized a tri-axial
accelerometer in mobile phone to capture the signal
and transmit it to the server by way of Internet. We
adapt two judgments achieved in Server, first judgment
is based on an adaptive threshold for detecting the
energy by DCT; the setting of adaptive threshold
include height, weight and gender. The second
judgment is according to the tilt of smart phone.
Experimental results show that this method can detect
the falls effectively; in addition, it is more portable
than other devices as well.
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1 INTRODUCTION

bbandydd@hotmail.com
The average age of the population of the world is
increasing because the increment in the average life
span. The number of persons with older ages are
increasing faster the higher the age is considered.
According to Taiwan population statistics, the
population rate of aged 65 or over is expected to rise
from 10.4% in 2008 to approximately 37.5% in 2056.
Among older persons, approximate 25~35% of them
experienced fall-related injury more than one time per
year.
The fall in the elderly persons is one of the major
public health problems, due to it causes a serious injury
and obstacle to their independent living. If the
emergency medical treatments were not in time, these
injuries may result in disability, paralysis and even
death. Once the falling is occurred, specific persons
such as family, colleagues, and friends should be
notified to assist the people as soon as possible. It is
believed that the earlier the fall is notified; the lower is
the rate of morbidity-mortality. Thus, reliable, fast
and effective fall detection notified system is getting
more important. A typical fall detection system has
two major parts: the detection part and notify part.
The detection part is able to detect the fall efficiently
and accurately. Thus it needs a notify part to notify
the related persons. In this paper, we use message,
GPS and alarm sound to achieve the notification. A
reliable fall detection system can’t just detect the fall;
it must have the ability to help the user from a danger
situation. The necessary functions in fall detection
system should include computing ability (compute the
energy by DCT for detecting the fall), media player
(make an alarm sound so that the person who nearby
the user can be notice that user needs help), Wi-Fi or
3G (transmit the accelerometer value to server) and
communication (automatic send a text message to
related person); these functions contain the detection
part and notify part. Due to mobile phone naturally
combines the two parts; therefore, we utilize mobile
phone as the major part in our fall detection system.

1.2 Motivation and Objectives

1.1 Background
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In the recent years, the mobile phone is portable
and convenient. They become the most popular
mobile devices. The functionality of mobile phone
development has been enhanced more than before.
Since the mobile phones have already become an
essential in modern life, this paper proposes a
waist-mounted mobile phone to capture the
accelerometer of the human body’s movement. The
advantages of using mobile phone are portable,
convenient and popularization. Accelerometer built
in the smart phone is low-cost, flexible, and it is an
accurate method for the analysis of posture and
movement, which can be applied in fall detection.
Accelerometer-based systems have been shown that
can accurate measure both dynamic and static activities
in both long and short term situations.
Our fall detection system has two major
components: the server (computer) and the client
(mobile phone). The server is used to calculate the
value of accelerometers to judge the falling or not, the
judgment of falling is based on an adaptive threshold;
include height, weight and gender. Once fall is
judged, it will notify the related persons by automatic
sending a text message for help and the mobile phone
will make an alarm sound so that the person who
nearby the user can be notified that user needs help.
We don’t use the mobile phone to judge, because the
computer hardware specifications are more advanced
than the mobile phone and so is the computing ability.
The client captures the values of accelerometer to
server via the wireless channel for analyze. In
addition, the client transforms the GPS location of
mobile phone to server per 30 seconds. It will update
the current location on the map of webpage
simultaneously. The webpage presents the user’s
status and location on the map; therefore, related
persons can always obtain the user’s situation on the
web.
In this paper, we will describe a system based on 3
tri-axial accelerometers in a mobile phone to detect the
activities of ADL and falls. First, we will convert the
value of 3 tri-axial accelerometers to Sum Vector
Magnitude (SVM) and transform the SVM to server.
Secondly, adopt a well-known transform method as
Discrete Cosine Transform (DCT) to analysis SVM to
distinguish ADL and falls in server. In this paper, we
apply an adaptive threshold and the tilt of smart phone
to judge the fall. Experimental results show that this
method can detect the falls effectively and more
portable than other devices.
Mobility tele-monitoring as this system is a
growing area, which enables the subjective monitoring
of the health status of elderly people living

independently in their own homes. It provides the
clinician with continuous quantitative data that can
indicate an improvement or deterioration in a patient’s
condition. Tele-monitoring also reduces the cost of
providing care to elderly subjects by moving care from
the traditional hospital/nursing home setting into the
home, thus making more efficient use of healthcare
resources.
The rest of the paper is divided into four sections.
Sec.2 describes an overview of existing fall detection
systems. Sec. 3 proposes our fall detection method.
The experimental result is presented in Sec. 4. The
system interface is represented in Sec.5. Sec. 6 is the
conclusion and extensions of this paper.

2 RELATED WORKS
There are numbers of different approaches for the
fall detection have revealed in recent years. Recent
fall detection systems can be classified to four classes,
which are user activated alarms, visual detection,
wearable sensor and mobile phone. We give these
four classes as follows, 2.1 describes the user activated
alarms, 2.2 describes the visual detection, 2.3 describes
the wearable sensor and 2.4 describes the mobile
phone.

2.1 User Activated Alarms
The first class is user activated alarms. In [1]
and [2], the system requires the person to push a button
on a wearable device, which will simultaneously notify
the hospital. But it relies on the elderly person’s
ability to push the alarm button for help. Sometimes,
the fall will lead to loss of consciousness or severe
injuries resulting in inability to push the alarm button.
The advantage of this method is the judgment relies on
him/her without complicate computing.
The
disadvantage of this method is if the person loss of
consciousness then the system is useless.

2.2 Visual detection
The second class is visual detection of a fall
[3][4][5][6].
3 sets up the camera for testing
two-month in an apartment. The camera mounted in
the corner of the room for monitoring the whole room
as possible. 4 makes an alarm when a fall is detected.
They use a simple algorithm for computing motion
vectors and respond fall accidents. They have ability
to distinguish fall accidents and normal daily activities,
such as sitting down, walking and squatting down.
Their system has robust to monitor a person’s spatial
position in a room with a pet. 5 provides an
automatic fall detection system, focus on monitoring
the elderly person in a nursing home or in their home.
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They use a 3D camera to extract images and combine
with a context model. Body orientation can be
obtained from extracting the body posture. The
context model is using for finding visual fall detection,
depending on the location and time of when the fall
events happened. 6 proposes a visual-based fall
detection system, which uses an omni-directional
camera for a better detection perspective. They
propose a simple algorithm of threshold and decision
tree based on the body angle and length variation.
In this class, they use image processing technique
for capturing the images of body and then detecting
visual falls events. In this way, it has limitations on
detecting the fall events, the body is a moving object
but the equipment is fixed. Moreover, due to the
privacy issues, it’s not suit to monitor persons for a
long time.

2.3 Wearable sensors
The third class is using the wearable sensors.
The most common method for fall detection is using
tri-axial accelerometers. 7 describes a system can
continuously monitoring patients with ease of use,
comfortable. By using accelerometer for measuring
posture, energy expenditure and movement of patient
which are important parameters of the system. 8 uses
a waist-mounted tri-axial accelerometer. Detecting
the change of body angle from standing to lying down.
When a large negative accelerometer value occurred, it
indicates a fall event.
[9] places a tri-axial
accelerometer behind the wearer’s ear and utilized 3
thresholds for detecting the fall : if all the xy-plane
much larger 2g; if all spatial components before the
impact larger than 0.7m/s; if all spatial components
higher larger 6g. [10] places two sensors on the body,
one on the thigh, and the other on the chest. When
the first hit occurs, it will check if the second hit is
detected within two seconds. If it happens, the
system will calculate the change of hitting angles to
judge the fall. [11] proposes a system that can
monitor the steps, falls and daily activities of elderly
person. Using the elastic-band for mounting the
sensors on the upper body and legs. It is important
for the sensor cannot move freely and the elastic-band
must be fastened. The advantage of this method is
accurately detect the fall. But the disadvantage of this
method is the sensor has not the communication
functions for help.

2.4 Mobile phone
Some authors proposed methods by using mobile
phone which has accelerometer to detect ADL and falls.

[12] embeds a tri-axial accelerometer in a mobile
phone, uses the wireless channel to connect to Internet,
and using 1-Class SVM (Support Vector Machine)
algorithm for the pre-processing, KFD (Kernel Fisher
Discriminant) and K-NN (Nearest Neighbor) algorithm
for the precise classification. [13] proposes a fall
detection system by mobile phones, experimental
equipment has a magnetic sensor in the mobile phone
and a magnetic accessory. The strength between
magnetic sensor and magnetic accessory indicate the
relative position. They put the mobile phone in the
right pocket of the pants and put the magnetic
accessory above the knee of left leg. 14 proposes
an energy efficient method for fall detection; in order
to improve the battery lifetime and computing ability
of mobile phone The power-saving method is using
the manually setting variety activities with different
sampling rate for this purpose.
They utilize
Time-Domain features and Frequency-Domain features
for classified activities.
Time-Domain features
include total magnitude and tilt; Frequency-Domain
features include wavelet coefficients.

3 SYSTEM DESCRIPTIONS AND
IMPLEMENTATION

3.1 Working Procedure

Fig. 1

Working procedure of our system

Our proposed method’s workflow is illustrated in
Fig. 1.
The goal was to design a small and
lightweight system that can be worn comfortable.
First, user must key in gender, height and weight. Then,
the accelerometer of mobile phone will capture
acceleration values and transmission both acceleration
values and user data to server. Server captures the
last 50 samples of accelerations in tri-axial and convert
them into SVM values. After obtaining the SVM
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values, the system calculates the energy by DCT
to determine whether the energy exceed than threshold.
If the energy exceeds the threshold and the phone is tilt
then client will make an alarm sound. If the alarm
sound alert exceeds 15 seconds, mobile phone will
automatic send an emergency message for help and
shows the location and situation of user on webpage.

3.2 Fall Detection Algorithm
Originally, the accelerometer is wearing on the arm
or wrist, just like a watch, but it has shown that the
frequent and severe movements of the arm in ADL
make it difficult to use the acceleration to determine
whether the fall is occurred or not. Therefore, we use
a belt worn around the waist in our experiments. The
most common method for fall detection is using a
tri-axial accelerometers. According to Newton’s law
we know that
F=m α
(1)
where m is the mass and 𝛼 is the acceleration of the
object.
Fall will produce an up to down force; therefore,
it is reasonable to use acceleration to analyze the fall.
The tri-axial accelerometer can capture the
accelerations of three axes in human body. 15
proposed a sum vector magnitude (SVM) to capture
the acceleration of human body to detect the falls.
𝑆𝑉𝑀 = √𝛼𝑥2 + 𝛼𝑦2 + 𝛼𝑧2

(2)

effectively algorithm.
However; refer to Fig. 2, it is
obvious that it is difficult to distinguish ADL and fall
by a threshold only. The ADL are defined as walking,
standing and sitting.
The fatal concern in fall
detection is to make it distinguishable from various
ADL.
In this paper, we utilized a well-known transform
method Discrete Cosine Transform (DCT) in digital
signal processing to analyze the values of SVM.
Transform coding is a kernel component of
contemporary image/video processing applications.
Transform coding relies on the premise that signals
exhibits a certain level of correlation with their
neighboring signals, so that we utilized DCT transform
the spatial domain into frequency domain into find the
features of SVM.
In this paper, we use the
one-dimensional DCT 16 to transform SVM to get its
feature for classification furthermore.
The most
common DCT definition of a 1-D sequence of length N
is given as (3) :
𝑁−1

1
𝜋(2𝑖 + 1)𝑢
𝐹(𝑢) = 𝑐(𝑢) ∑ 𝑓(𝑖)𝑐𝑜𝑠 [
]
2
2𝑁
𝑖=0

𝑐(𝑢) =

20

30

0
AC

20
SVM
15

if u=0,

Walking
Sitting

15
10

25

√2
,
2

c(u)=1,
o.w.
for u=0,1,2,…,N-1, N=50 in our experiment.
F(0) denotes the DC and the others are refer to as ACs.

where 𝛼𝑥 , 𝛼𝑦 , 𝛼𝑧 are the acceleration of x-axis,
y-axis and z-axis, respectively.
Walking
Standing
Sitting

(3)

Standing
Fall

5

-5

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49

-10
-15
-20

Data

10

Fig. 3

5

0
1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49
Data

Fig. 2
50 SVM values in four cases.
Fig. 2 contains four curves which show the 50
SVM values in the four cases of walking, standing,
sitting and fall, respectively. X-axis denotes 50 data
in the last 5 seconds and Y-axis denotes the SVM
values. In 15, it claimed that if SVM > 1.8g, then the
situation must be fall, and then proposed a simple and

DCT (DC is excluded) values of
the four cases
Fig. 3 illustrates the four curves of DCT
coefficients of the four cases, respectively. X-axis
denotes the 49 data (DC excluded) and Y-axis denotes
the AC values.
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mobile phone mounted on the user and starts a timer.
Once the user does not manually turn off the alarm
within 15 seconds, the system will send an emergency
message for help automatically. In addition, the
mobile phone will make an alarm sound so that the
persons who nearby the user can be noticed that user
needs help; therefore, they can quickly help the user
who is injured for medical care. At the same time,
the map of webpage will present that the situation of
user is dangerous and the location of accident
occurred.
Fig. 4
DC values of the four cases
Refer to Fig. 4, the DC is hard to distinguish so that
we do not take it into consideration for classification.
Due to the DCT owns excellent property of the energy
centralization; most applications of DCT are data
compression. In this paper, we use DCT to get the
energy of SVM to be the feature for classification.
We utilized an array that consists of the last 50 samples
of the SVM. When a new sample is added to the
array, all other samples will be shifted one place and
the oldest sample is eliminated. Then we use (4) to
calculate 49 AC values to get the energy of SVM.
2
𝐸 = ∑49
(4)
𝑢=1 𝐹(𝑢)
Notice that, the DC coefficients are removed in the
four cases. DC represents the average of the samples.
Refer to Table 1, in which we list the energies of the
four cases by choosing different amount ACs. The
energy is used to distinguish the fall and ADL. The
selection of threshold will be addressed in the next
section.
Table 1.

Energy by using different amount of ACs
Energy

25 ACs

20 ACs

15 ACs

10 ACs

9 ACs

Walking

306.59

261.01

85.35

26.56

25.50

Standing

0.57

0.53

0.31

0.26

0.26

Sitting

171.93

154.96

149.06

124.09

103.11

Fall

1070.45

997.36

838.56

280.79

204.53

Energy
8 ACs

7 ACs

6 ACs

5 ACs

4 ACs

Walking

25.43

25.42

25.42

23.13

16.59

Standing

0.23

0.23

0.18

0.17

0.15

Sitting

91.25

70.04

50.25

38.46

20.82

Fall

122.83

117.63

116.80

111.09

77.10

The system records the data in the recent 5 seconds
to detect if a fall occurs. If a fall is detected, the
server will transmit a signal that triggers an alarm in

4 EXPERIMENTAL RESULTS
4.1 The training phase
In this section, we will depict how the system
designs and works. In our experiment, the mobile
phone is mounted on the waist. We implement the
system in Java, with Eclipse and Android 2.1 SDK.
We collect data in the four cases including walking,
standing, sitting and fall to get the thresholds.
Because the fall may cause serious injury, we didn’t
test falls with real elderly people.
Detailed data are given in Table 2.
Table 2. Volunteer data
#Volunteer
Gender
Age
Height (m)
Weight (kg)
#Volunteer
Gender
Age
Height(m)
Weight(kg)
#Volunteer
Gender
Age
Height(m)
Weight(kg)

a
male
23
1.70
70
h
male
23
1.70
70
o
female
21
1.60
60

b
male
24
1.75
55
i
male
23
1.70
100
p
female
37
1.60
45

c
male
23
1.72
65
j
male
22
1.67
75
q
female
36
1.60
50

d
male
25
1.76
60
k
male
21
1.83
97
r
female
36
1.55
49

e
male
23
1.62
52
l
female
24
1.57
50

f
male
23
1.76
106
m
female
19
1.50
42

g
male
21
1.78
55
n
female
20
1.60
50

We have four situations; each situation was
carrying out three times, so we gather about 216
samples. We assumed that the values of fall are
higher than others, so we eliminate those values of
ADL that are higher than the values of fall. Although
we gather about 216 samples, but some samples are
quite different to the other samples for the same one
person. In that case, we eliminate that the different
data. Fig. 5 shows three curves of three falls for one
same person. In that figure, X-axis denotes the 49
data (DC excluded) and Y-axis denotes the AC values
after DCT. We can observe that the curve of first fall
is different to others. For the accuracy of the
experiment, we eliminate those apparent different
samples. Finally, we gather 200 samples for training
to get the threshold.
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20

First fall
Second fall

15
10
5
AC
0
-5

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49

-10
-15

Data

Fig. 5

The curve of value of DCT

4.2 Fixed Threshold
Fig. 8

Selecting the first 15 AC values

Fig. 9

Selecting the first 10 AC values

Fig. 10

Selecting the first 9 AC values

In (4) we calculate 49 AC values to get the energy
of SVM. Nevertheless, DCT has low-frequency,
middle-frequency and high-frequency and it owns
excellent property of energy centralization. Therefore,
calculate 49 AC values are improper. The most
valuable data is in the low-frequency band, those data
in middle-frequency and high-frequency bands are not
worse referencing. We try to find out the coefficients
which can be used for determining the fall.

Fig. 6

Selecting the first 25 AC values

Fig. 7

Selecting the first 20 AC values
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Fig. 11

Selecting the first 8 AC values

Fig. 12

Selecting the first 7 AC values

Fig. 13

Selecting the first 6 AC values

Fig. 14

Selecting the first 5 AC values

Fig. 15
Selecting the first 4 AC values
Refer to Fig. 6 to Fig. 15, they show that selecting
the first 6 AC values to get the energy of SVM as given
in (5) will achieve a better accuracy and rapid
computing time.
𝐸 = ∑6𝑢=1 𝐹(𝑢)2
(5)
Detailed data of the E values in four cases for each
volunteers are given in Table 3. Each person tests three
times, sequence is 1, 2 and 3, such as a1, a2 and a3. 0
shows the curve of fixed threshold in dash line,
Table 3. Fixed threshold and energy of each
volunteer
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height and weight to improve the performance. The
adaptive threshold is divided into two types, one is for
male as given in (6) and another is for female in (7).
It is well-known that the strength of woman is lower
than man, so the adaptive threshold for female is lower
than male; the adaptive thresholds calculated by (6)
and (7) and the adaptive threshold for every volunteer
person are given in Table 4. We can see that each
threshold of person is different, due to the mass of
body on everyone is different.
𝑚𝑎𝑙𝑒 =
𝑓𝑒𝑚𝑎𝑙𝑒
1200

Walking
Standing
Sitting

1000
800
Energy
600
400
200

Table 4.
#Volunteer
threshold
#Volunteer
threshold
#Volunteer
threshold
#Volunteer
threshold
#Volunteer
threshold

𝐵𝑀𝐼×9.8
2
𝐵𝑀𝐼×9.8
=
×
2

(6)
0.75

(7)

Adaptive threshold of each volunteer
a
118.68
e
97.088
i
169.55
m
68.6
q
71.77

b
88
f
167.67
j
131.77
n
71.77
r
74.95

c
107.65
g
85.058
k
141.92
o
86.13

d
94.912
h
118.68
l
74.54
p
64.59

0
a b c d e f g Volunteers
h i j k lm n o pq r

4.4 Phone tilt

Fig. 16 The curve of fixed threshold
It is well-known that the strength of woman is lower
than man, so the fixed threshold for female is lower
than male. The threshold of man is 86 and woman is
74. We can find the fall energy of q3 is lower than
fixed threshold, so the fall is not detected. The fall
energy of q3 is lower than others and it close to the
walking energy of q1; therefore it causes the fall
energy of q3 becomes mis-judgment. Due to the
different person has different body mass, if the number
of samples changed more, we are afraid that more fall
events will be escaped. So we proposed an adaptive
threshold for detecting the ADL and fall, in the next
sub-section.
In this paper, we keep receiving the E
of the user and judge the falls by the adaptive
thresholds. The reason to adopt adaptive threshold is
that different person has different body mass, so it is
not suitable for a fixed threshold.

Fig. 17 Accelerometer values in normal
status
0 shows the forces of gravity detected by the
phone when the program is running, the gravity of
X-axis is -9.8m/𝑠2 , the gravity of Y-axis is 0.0 m/𝑠2 ,
the gravity of Z-axis is 0.0 m/𝑠2 . The reason of
using phone tilt is that some daily activities, like
walking or sitting may cause large force as well. It
will trigger alarm sometimes, in order to solve this
problem so that we apply the phone tilt for detection.
Fall usually cause the body to sharply tilted, we
utilized this feature to determine the fall.

4.3 Adaptive Threshold
Different to [17], which adopt two fixed thresholds
for male and female, respectively. In this paper, we
propose an adaptive threshold based on user’s gender,
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Fig. 18 Wearing on the waist
0 shows that the user wears the phone on the
waist. When the phone is horizontal to the ground,
only the gravity of X-axis forces the gravity of ground.
Once the fall is occurred, the phone tilt status will be
changed.

35

Walking

30
25

20
SVM
15
10
5
0
a b c d e f g Volunteers
h i j k lm n o pq r

Fig. 21 The curves of maximum value of
SVM
Fig. 19 The fall occurred
0 shows the situation of fall occurred. When the
fall happened, the user will be in lying status. In this
situation, the forces the gravity of ground will impose
to the Y-axis. We assume that when the energy is
larger than adaptive threshold and force the gravity of
ground has changed to other axis instead of X-axis, the
system will judge the situation of user to be fall.

1200

Walking
Standing
Sitting

1000
800
Energy
600
400
200

0
a b c d e f g Volunteers
h i j k lm n o pq r

Fig. 20 Four kinds of tilt judgment
As 0 shows, gy represents the frontward and
backward, gz represents the leftward and rightward.
We utilize this four kinds of tilt judgment to obtain the
phone tilt. As mentioned before, fall will cause the
body to sharply tilt.

4.5 Experimental results
We compare our method with the maximum value
of SVM 15.

Fig. 22 The curves of our proposed method
0 contains four curves which show the maximum
values of SVM in the four cases of walking, standing,
sitting and fall, respectively. X-axis denotes the 18
volunteers and Y-axis denotes the SVM values. The
curve of walking, sitting and fall are confusing, it is
hard to distinguish ADL and fall. Only the curve of
standing is different with others.
0 illustrates the four curves of energy by DCT
coefficients of the four cases, respectively and one
curve of threshold. X-axis denotes the 18 volunteers
and Y-axis denotes the energy of DCT values. We
can obvious see that the fall has separated to ADL by
an adaptive threshold. Refer to the above two figures,
we can clearly see that the curves in the first figure is
confusing. It is difficult to distinguish with ADL and
fall. We collected 200 samples for detecting the fall.
The user must key in his or her height, weight and
gender to the system. After user starts the system, the
monitoring keeps running in Android, collecting and
recording the values from sensor. If a fall is detected,
the alarm component works to make an alarm sound to
notify the persons nearby and sending an emergency
message to the related person for help. At the same
time, the map on the webpage shows the location and
the situation of the user is dangerous, as shown in 0.
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Users must key in their gender, height and weight to
get the adaptive threshold.
Table 7. Tester test result
Number
of tests
#Volunteer

False detection
T1

T2

T3

T4

Standing

10

0

0

0

0

Walking

10

0

0

0

0

Sitting

10

0

0

0

0

Fall

10

0

0

0

0

Fig. 23 The map on the webpage
Number
of tests

4.6 The testing phase
#Volunteer

In order to test system stability, we test ADL and
fall by myself. We test each activity 50 times.
Detailed data are given in Table 5. There are some
false detection during tests. This test doesn’t adapt
the phone tilt method, when the energy of ADL is large,
the system will false detect the ADL as the fall event.
But the angle of ADL isn’t as large as the fall, so we
take the phone tilt into account to solve this problem.
Table 5. Test results of ADL and fall
Numbe
r

False
Reason

Accuracy

0

No

100%

2

large strength

96%

50

1

large strength

98%

50

0

No

100%

of tests

detecti
on

Standing

50

Walking

50

Sitting
Fall

Table 6.

Tester data

False detection
T5

T6

T7

T8

Standing

10

0

0

0

0

Walking

10

0

0

0

0

Sitting

10

0

0

0

0

Fall

10

0

0

0

0

To evaluate the proposed method, we invite 8
persons to test our system. As given in Table 7, we
test ADL and falls. In order to meet practical
situation, we ask the testers to mount the phone and
wear it in a period of time; in additions, they will act
the falls randomly during the time. Mobile phone is
mounting on the user’s waist. Test result shows that
alert is not occurred during the test of ADL. When
the testers act the falls randomly, the system detect the
fall and make an alarm sound. All of fall events can
be detected and transmit the help message including
location to the related person soon accurately.

5.SYSTEM INTERFACE
5.1 The interface of server

#Volunteer

T1

T2

T3

T4

Gender

female

female

male

male

Age

23

23

30

51

Height (m)

1.7

1.54

1.65

1.72

Weight (kg)

68

47

65

62

Threshold

86.471

72.831

116.988

102.691

#Volunteer

T5

T6

T7

T8

Gender

male

female

male

male

Age

53

22

37

37

Height (m)

1.62

1.5

1.74

1.78

Weight (kg)

60

37

76

95

Threshold

112.026

60.433

123.002

146.92

The system is carried out to other 8 persons who
are not included in the training step to yield the
adaptive threshold. Detailed data are given in Table 6.
This test adapts both adaptive threshold and phone tilt.

Fig. 24 Server obtains the values from the client
0 shows the message obtained from the client.
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The nine values from top to the bottom are 1) the
gender of the user, 2) the height of the user, 3) the
weight of the user, 4) the value of SVM, 5) the
accelerometer value of X-axis, 6) the accelerometer
value of Y-axis, 7) the accelerometer value of Z-axis, 8)
the latitude, 9) the longitude. 1), 2) and 3) are used
for adaptive threshold. Calculating 4) to obtain the
energy. 5), 6) and 7) are used for judgment the phone
tilt. 8) and 9) show the user’s location.

5.2 The interface of client

has gathered 50 data, it will start detecting.

Fig. 27 The fall occurred
0 shows the graph when the fall occurred.
When the system detects the energy exceeds the
threshold and phone tilt, it will alert and start to
countdown 15 seconds.

Fig. 28 Sending emergency message
Fig. 25 User’s personal information
0 shows the screen for the user to key in personal
information. User has to key in his/her gender, height,
weight for calculate adaptive threshold, IP for
connecting the server and telephone number for
sending emergency message. After keying in that
personal information, press the start button to start
detecting.

Fig. 26 After pressing the start button
The screen is shown in 0. After pressing the
start button, there are three values appear. 118.685 is
the adaptive threshold which is calculated by gender,
height and weight. The current SVM value is 9.226.
The bottom of value is remaining data, after the system

0 shows if the alarm exceeds 15 seconds, the
system will automatic send an emergency message to
the telephone number that key in the system by user for
further assistance.

6 CONCLUSION

Tri-axial accelerometers are used for fall detection
in many academic articles, but it is a pity that rarely
fall detection uses the mobile phones as platform for
fall detection. Mobile phone is highly portable, and it
consists with accelerometer, gyroscope, wireless
channel and communication component.
All
necessary components are already integrated therein.
In this paper, we propose a method that combines
the digital signal processing technology and fall
detection together; in addition, we utilize mobile
phones as a sensor. Moreover, we propose an
adaptive threshold and phone tilt for fall detection.
This is based on body mass of the user, so it is suitable
for everyone. In addition, we also utilize phone tilt
method for the more precise detection in practical
situation. Experimental results show that our method
achieves good detection performance.
We are planning to extend our proposed method to
other situations, such as traffic accident report system,
fall detection on bicycle. Make this system to be a
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practical necessity for elderly person in daily life. We
also plan to build a system based on Google Map,
which can collect and show the locations of falls are
occurred. It can provide information that whether the
place is dangers or not, allows relevant agencies to
adopt suitable actions. By monitoring multiple smart
phones, medical center can know all of the patients at
the same time.
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