Fall Detection System Design by Smart Phone
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ABSTRACT The averagegeof the population of the world is

increasing becausthe incrementin the average life
Fall detection isone ofthe major issues in health care span. The number of persons with older agas
filed. Falls can cause serious injury both in increasing faster the higher the age is considered.
physiology and psychologyespecially to the old According to Taiwan population statistics, the
people A reliable fall detector can provide rapid population rate of aged 65 or over is expected to rise
emergency medicatare for the fallen down people. from 10.4% in 2008 to approximately 37.5% in 2056.
Thus a reliable and effectively fall detection system is Among older persons, approximate 25~35%tlwm
necessary. In this paper we propose a system which experienced faltelated injury more than one timerpe
utilizing mobile phones as detectorto detect the year.

falllng When fall accident OCCurs, the SyStem has The fall in the e|de|’|y persons e of themajor

three response procedures for help.  The firspyplic health probles) due to it causes a serious injury
procedure is transmitting the emergency message tgnd obstacle to their independent livinglf the

the related pede for help. The second procedure emergencymedicaltreatments were not in time, these
shows the userds status jnuied may 9esud ini dbdbilityBaRalysis n@ evéRa P
webpage, according to us gekatR sondetReStalihglstobctiriedsPecift Ppetsons t a t
The third procedure makes the alarm sound; itssych as family, colleagues, and friends should be
purpose is to let the person who nearby the user can htified to assist thepeopleas soon as possiblelt is
noticed thatthe user needs help.First, uing a  pelieval that the earlier the fall isotified; the lower is
waistmounted mobile phone to capture accelerometethe rate of rorbidity-mortality. Thus, reliable, fast

of the human body andidopt theDCT (Discrete and effective fall detectiomotified systemis getting
Cosine Transform) to analyze the value of more important. A typical fall detection system has
accelerometero dIStInQUISh the activities of dally two major parts: the detection part and“fy part_

living (ADL) and falls. ADL consist of walking,  The detection part is able to detect the fall fitly
standing and sitting. We utilized a tHaxial  and accurately. Thus it needs a notifytpar notify
accelerometer in mobile phorle capture the Signal the related persons.In this paper we use message,

and transmit it to theerver by way of Internet. We  GPS and alarm sourtd achieve the notification A

adapt two judgmentachieved in Swer, firstjudgment r e | i abl e f al | detection sy
is based on an adaptive threshdtd detecting the jt must have the ability thelp the user from a danger
energy by DCT the setting of adaptive threshold sjtyatin. The necessary functions fall detection
include height, weight and gender The second  systemshould includecomputing ability(compue the

judgment is according to thélt of smart phone  energy by DCT for detecting the fallinedia player
EXper'mentaIresultS show that this method can deteCt(male an alarm soundo thatthe person who nearby

the falls effectively in addition, it is more portable the user can be tioe that user needs hglpVi-Fi or

than other deviceas well 3G (transmit the accelerometer value gerveJ and
KEYWORDS communication (automatic send a text message to
Fall detection health carp mobile phone DCT: related persqm)these functions C(_)ntain the detection
accelerometer: part a}nd notify part. Due to mobile pho_n_e natura_llly

combines tk two parts; therefore, we utilize mobile

phoneasthe major part irour fall detection system.
1 INTRODUCTION

1.1 Background

1.2 Motivation and Objectives
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independatly in their own homes. It provides the
clinician with continuous quantitative data that can
indicate an improvement or
condition. Telemonitoring also reduces the cost of
roviding care to elderly subjects by moving camrfr

gne traditional hospital/nursing home setting into the
Home, thus making more efficient use of healthcare

In the recent years, the mobile phoseportable
and convenient They become the most popular
mobile devices. The functionality of mobile phone
development has been enhanced more than befor
Since the mobile phones have already become a
essential in modern life, this paper proposs a
waistmounted mobile phone to capturehe resources.

accelerometer of the human bédy maonw eThes The rest of thegaperis divided into four sections.
advantages of using mobile phone are portablesec-z describes an overview of existing fall detection

Accelerometer builtSystems. Sec. 3 propaseur fall detection method.
in the smart phone is lowost, flexible, andt is an The experimental result is presented in Sec. he

accurate method for the analysis of posture andYStem interface is represented in SecSec.6is the
movement,which can be appliedn fall detecton.  Cconclusionand etensionsof this paper
Accelerometebased systems have been shatvat 2 RELATED WORKS

canaccurate measure both dynamic and static activities

in both long and short term situations. .

both long and sho .tte situations _ There arenumbes of different approaches for the

Our fa”_ detection system has twamajor 5 getectionhave revealedn recent years. Recent
components:  theserver (computer) and theclient 5| getectionsystemscanbe classifiedto four classes,
(mobile phone). The serveris used tocalculate the  \yhich are user activated alarms, visual detection,
value of accelerometets judge the falling or not, the |, a5rable sensor and mobile phon&Ve give these
judgment of falling is based on an adaptive thresholdq r classes as follows, 2.1 describes the astivated
include height, weight and gender. ~Once fall is4j3rms, 2.2 describes the visual detection, 2.3 describes

judged, it will notify the related persomy automatic o \vearable sensor and 2.4 describes the mobile
sending a text message for hejmd the mobile phone phone.

will make an alarm soundo thatthe person who .
nearby the user can bmtified that user needs help. 2.1 User Activated Alarms

We donot use the mobithee php g bRs id ds& AdivatedPafufnth Y15 ©

computer hardware specifications amere advanced  gnq (2] the system requires the person to push a button
thanthe mobile phoneandso isthe computing ability. 5, 5'\vearable device, whistill simultaneously notify
The client captures thevalues of accelerometer to . hospital. But itreleson the el der |

erver V|ahth(|a_ ereless} Channhel for ar|1alyz'eln ¢ ability to push the alarm buttdor help  Sometimes,
addition, theclient transforms the GPS location of o 4 will lead to loss ofconsciousness or severe

mobile phone t@erver per 30 secondslt will update i ries resulting in inability to push the alarm button.

the current location on the map of webpagethe aqvantage of this method is_the judgment relies on
simultaneously. T he webpage Pres® ides wit ontecorﬁblﬁ:aﬁer @ofnputing.  The
status and location on the map; therefore, relate isadvaBtage of this method is if the getrs?noloss of

\F,’veebr sons can always obtaidnsdolshessthenk SySém istdelbss, noon

In this paper we will describe a system based 3 22 Visual detection
tri-axial accelerometers in a mobile phone to detect the
activities of ADL and falls. First, we will convert the o _
value of 3 traxial accelerometers to Sum Vector The second class is visual detection of a fall
Magnitude (SVM) and transform the SVM terver.  [3l[41[5][6]. 3 ses up the camera for testing
Secontly, adopta weltknown transfom methodas two-month in an apartment.The_ camera mounted in
Discrete Cosine Transform (DCT) to analysis SV the corner of the room for monitoring the whole room
distinguish ADL and fallsn server In thispaperwe @S possible. 4 makes an alarm when a fais detected.
apply an adaptive thresho#thd thetilt of smart phone  They use asimple algorithm for computing motion
to judge the fall. Experimentalresults show that this vectors and respond fall accidents. They have ability

method can detect the falls effectively and moreto distinguish fall accidents and nornuily activities,
portable than other devices. such as sitting down, walking and squatting down.

Mobility tele-monitoring as this system is a Their system has robust to

. . . o d)osition in a roomwith a pet 5 provides an
growing area, which enables the subjective monitorin hutomatic fall detection systerfocus onmonitoring

of the health status of elderly people living the elderly personin a nursing home or in their home.

convenient and popularization.



They use a 3D camera to extract images and combingd2] embed a triraxial accelerometer in anobile
with a context model. Body orientation can be phone usesthe wireless channel wonnect to Internet,
obtained from extractinghe body posture. The and using iClass SVM (Support Vector Machine)
context model is using for finding visual fall detection, algorithm for the prerocessing, KFD (Kernel Fisher
depending on the location and time of when the fallDiscriminant) and KNN (Nearest Neighbor) algorithm
events happened. 6 proposes a visudlased fall for the precise classification.[13] proposs a fall
detection system, which uses an ommectional detection systemby mobile phones, experimental
camera for a better detection perspective. Theyequipmenthasa magnetic sensor in the mobile phone
propose a simple algorithm of threshold and decisiorand a magnetic accessory.The strength between
tree based on the body angle and length variation. magnetic sensor and magnetic accessory indicate the
In this class,teyuse image processing technique relative position.  They put the mobile phone in the
for captuing the images ofody and then detecting fght pocket of the pants andufp the magnetic
visual fallsevents In this way, it has limitations on accessory above the knee of leftled4  proposes
detectng the fall eventsthe body is a moving object a@n energy efficient method for fall detection; in order
but the equipment is fixed. Moreover, due to the t© improve the battery lifetime and computing ability

privacyi ssues, itoés not sui t©of mphie phope, jTheppwagyiag mehad 4s using

long time. the manually settingzariety activities with different
sampling rate for this purpose. They utilize

2.3 Wearable sensors Time-Domain features and FrequerDpmain features

for classified activities. Time-Domain features
include total magnitude and tilt; Frequeri@gmain
The third class is using the wearable sensorsfeatures include wavelebefficients.
tianial aooelerometers.  deserios & sysem tan 3 St STEM DESCRIPTIONS AND
continuously monitoring patients with ease of use,
comfortable. By using accelerometer fomeasuring
posture, energy expenditure and movement of patient
which are impdant parameters of the systenB uses 3.1 Working Procedure
a waistmounted traxial accelerometer. Detecting  _ _ __ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _.
the change of body angle from standing to lying down.: Users key in g.enderi_f_,_,_—
When a large negative accelerometer value occurred, | Client height and weight L
indicates a fall event. [9] places a tri-axial |
accelerometer behi wtiizedt3h e |
thresholdsfor detecting the fall if all the xyplane |
much larger 2g; if all spatial components before the : user on webpage
I
I
|
|

Automatic  send  an acceleration and user data 17
emergency message for I—— ——— —— — ——

_________________
help and shows the
location and situation of|

Capture last S0 samples

Calculate the SVM

impact larger than 0.7m/s;if all spatial components
higherlarger6g. [10] placestwo sensors on the body,
one on the thigh, and the other on the che%then

the first hit occurs, it will check if the second hit is
dekected within two seconds. If it happens, the |
system will calculate the change of hitting angles to:
judge the fall. [11] proposs a system that can

monitor the steps, falls and daily activities of elderly | |S”‘“lert }
person. Usingthe elasticband for mouning the —_————————- (S g ———
sensors on the upper body and legh. is important _ _

for the sensor cannot move freely and the eldsiind Fig. 1 Working procedure of our system
must be fastened.The advantage of this method is ~

accurately detect the fall. But the disadvantage of this,  OUr proposedne t hodo6s wor kf l ow

method is the sensor has not the comwation 19- 1L The goal was to design amall and
functions for help. lightweight system that can be worn comfortable.

First, user must key in gender, height and weight. Then,
2.4 Mobile phone the accelerometer of mobile phone will capture
acceleration values and transmission both acceleration
values and user data terver. Server captureshe
Some authors proposed methods by usiadile  lag 50 samples of accelerati®im tri-axial and convert
phone which has accelerometerdetect ADL and falls. them into SVM values. After obtaing the SVM
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seconds,
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values, the system calculates the energy by DCT
to determinewhetherthe energyexceedhan threshold.
If the energy exceeds the threshalttl the phone is tilt
then client will make an alarm sound. If the alarm
sound alert excesdl5 seconds, mobile phone will
automatic send an emgency message for help and
shows the location and situation of user on webpage.

3.2 Fall Detection Algorithm

Originally, the accelerometer isearingon the arm

effectively algorithm  However; refer td-ig. 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 infall
detection isto make it dstinguishablefrom various
ADL.

In this paper we utilized a weHlknown transform
method Discrete Cosine Transform (DCT) digital
signal processingto analyge the values of SVM.
Transform coding is a kernel component of
contemporary image/video procegs applications.
Transform coding relies on the premise tlsggnals

or wrist, just like a watch, but it has shown that theexhibits a certain level of correlation with their

frequent and severe movements of thm an ADL

neighboringsignals, so thawe utilized DCT transform

make it difficult to use the acceleration to determinethe spatial domaimto frequency domain into find the

whether the fall is occued or not. Therefore, wause
a belt worn around the waist our experiments The

features of SVM. In this paper we use the
onedimensional DCTL6 to transform SVM to get its

most common method for fall detection is using afeature for classification furthermore. The most

tri-axial accelerometers, Ac cor di
we know that

ng to

F=m |
wherem is the mass and
object.

Fall will produce an up to down force; therefore,

(1)

is the acceleration of the

NotnHidn D C OdRfinibndM 1D sequence of length N
isgiven as (3)

it is reasonable to use acceleration to analyze the fall.

The triaxial acceleronter can capture the
accelerations of three axes in human body5

proposeda sum vector magnitude (SVMp capture
the acceleration of human botb detect the falls.

)

where| h h are the acceleration of-axis,
y-axis and zaxis, respectively.
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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. -dxis dena¢s50 data
in the last 5 secondseind Y-axis denotes th&SsVM
values. In 15, it claimed thatfiSVM > 1.8g thenthe
situation must be falland thenproposed a simple and

. ., o CQpo
06 gcbé V¢ o P o
&6 Lk ifu=0,
c(u)=1, 0.W.
for u=0-11,N250 én, oNr experiment
F(0) denotes th®C and the others are refer toASs
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Fig. 3 DCT (DC is excluded) values of

the four cases

Fig. 3 Illustrates the four curves of DCT
coefficients of the four cases, respectively-aXs
denotes thed9 data (DC excludednd Y-axis denotes
the AC values.



mobile phonemounted on the usexnd starts a timer.

T Oncethe user does not manually turn off the alarm
s A . within 15 seconds, the systenill send an emergenc
NARA A 1 O ot i iined
/‘v \ message for help automatically.In addition, the

mobile phone will make an alarm sousd thatthe
persons who nearby the user can be noticed that user
- : neals 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 thecation of accident

i ‘ . ke S ' occurred.

Fig. 4 DC values of the four cases 4 EXPERIMENTAL RESULTS
Refer toFig. 4, the DC is hard to distinguish so that
we do not take it into consideratidar classification o
Due to theDCT owns excellent propertyf the energy 4.1 The training phase
centralization; most applications of DCare data
compression. In thipaper we use DCT to get the
energy of SVM to be the feature for classification.  In this section, we willdepict how the system
We utilized an array that consists of the last 50 samplegesigns and works In our experiment, the mobile
of the SVM. When a new sample is added to the phone is mourid on the waist. We implement the
array all other samplesvill be shifted one placeand  system in Java, with Eclipse and Android 2.1 SDK.
the oldest sample is eliminate Then we use4) to We collect datan the four casedncluding walking
calculate 49 AC values tgetthe energy of SVM. standing sitting and fall to get the thresholds
o B 06 @) Because the fall may cause serious injury, dign 6 t
test falls with real elderly people.

Detailed data are given ifable 2

Notice that, the DC coefficients are removed in the
four cases. DC represents the average of the samples.

Refer toTable 1 in which we list the energies of the Table 2. Volunteer data
four cases by choosing different amount ACs. The
energy is used to distinguish the fall aADL. The Ddeer | & b £ L 4 e L 14
selection of threshold will be addressed in the neXxi Age 23 24 23 25 23 23 21
. Height (m) 1.70 1.75 1.72 1.76 1.62 1.76 1.78
section. Weight (kg) 70 55 65 60 52 106 55
#Volunteer h i j k | m n
Gender male male male male female female female
. . Age 23 23 22 21 24 19 20
Table 1. Energy by using different amount of ACS [ Heightm) | 170 | 170 | 167 | 183 | 157 | 150 | 160
Weight(kg) 70 100 75 97 50 42 50
#Vol
Energy Goel:(;tgff feniale fenF:aIe fen?ale fen:ale
25ACs | 20ACs | 15ACs | 10ACs | 9 ACs B B B ¥ =
. Weight(kg) 60 45 50 49
Waling | 30659 | 261.01 | 8535 | 2656 | 25.50 S
Standing | 0.57 0.53 0.31 0.26 | 0.26 We have four situations; each situatiomas
Sitting 171.93 154.96 149.06 | 124.09 | 103.11 carrying out three times, so we gather about 216
Fall 107045 99736 33856 | 280.79 | 20453 samples. We assumed that the values of fall are

higher than others, so we eliminate those values of

ADL thatare higher than the values of fall. Although

Energy we gather about 216 samples, but some samples are
quite different to lhe other samples for the sarmpe

8ACs | TACs | 6ACs | SACs | 4ACs | person. In that case, waiminatethat the different
Walking |  25.43 25.42 25.42 23.13 | 16.59 data Fig. 5shows three curves of three falls for one

Standing|  0.23 0.23 0.18 0.17 0.15 same person. In that figure,-akis denotes the 49

" data (DC excluded) and-&is denotes the AC values
fting | 91.25 | 70.04 | 5025 | 3846 | 2082 | after DCT. We can observe that tharveof first fall

Fall 122,83 | 117.63 | 116.80 | 111.09 | 77.10 is different to others. For the accuracy of the

sexperiment, we eliminate those apparent different
samples. Finally, we gather 200 samples for training
to get the threshold.

The systentecords the data in the recent 5 second
to detect if a fall occurs. If a fall is detected, the
server will transmit a signal that triggers an alarm in
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Fig. 5 Thecurveof value of DCT
4.2 Fixed Threshold

In (4) we calculate 49 AC values to get the energy
of SVM. Nevertheless, DCT hadow-frequency,
middle-frequency and higfrequency and it owns
excellent property of energy centralizatiorilherefore,
calculate 49 AC values are improper. The most
valuable data is in the loWvequency band, those data
in middlefrequency andigh-frequency bands are not
worse referencing. We try to find out the coefficients
which can be used for determining the fall.
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Refer toFig. 6to Fig. 15 theyshow that selding
the first 6 AC values to get the energy of SVM as given
in (5) will achieve a better accuracy and rapid
computing time.

0O B 06 (5)

Detailed dataf the E values in four cases for each
volunteers argiven in Table 3Each person testhree
times, sequence is 1, 2 and 3, such as al, a2 andag3.
shows the curve of fixed threshatddash line

Table 3. Fixed threshold drenergy ofach
volunteer
#olnteer a b
Walking 362 13 4659 8663 254202 38.7507 27.0106
Standmg 5 02182 0.5381 0.1853 0.1764 0.0827
Sitting 5 38.18%6 48.0277 50.2583 60.6977 51.9463
Fall . 4121583 | 4849634 | 11630035 123 4806 173.6996
Thresheld 36 86
c d
10,4126 85799 211887 364223 52.8788 32.053
0.1626 0.1001 0.2968 0.1757 0.321 0.1707
544886 54.095 37.8364 612315 840722 81.1505
2499287 | 303.4519 | 4645016 | 1130.056 335.119 3949373
36 86
e f
22.8001 20,0962 | 12.6427 9.7935 25.86358 31.8061
1.243 0.5776 0.1251 0.0485 01332 08402
T1.6576 594482 | 409115 614444 57.5538 328237
3204024 | 2674704 |341.9138[ 1748712 251.707% [536.5024
36 85
= h
10.8298 451911 23854 40.1447 30.7418 35.5597
0.0531 0.0525 0.1244 0.2477 {.5998 01874
21.2325 544815 | 53.8278 8.5263 24.9528 40.8116
4162126 159.0946 [195.6271| 146.3995 173.5923 | 200.785
36 85
i j
22 3679 ___194?‘3‘!‘_’ 39.8706 6.4436 84956 3.4655
02805 | O-HS8 0.1421 0.4947 1.141 0.1627
28.4252 16.2207 4.2884 33.5692 11.5186
242.9018 3 213.8208] 2998174 148.835 | 2708739
35 85
k 1
18.4716 16.5104 9.677 324548 4277 736504
05946 0.9867 0.191% 0.0915 01565~ | 00724
45.7324 38.5917 |[36.5107 | 43.0558 52 21.6707
2064078 | 327.7934 |492.9938| 325.0884 | 450677 | 537.9837
36 74




SRR WS height and weighto improve theperformance The
.55 2542, 5.6512 284 015 . . . .. . .
06515 | 12276 | 01335 | 01478 | 01735 | 0.0941 adaptive threshold is divided into two types, one is for
13.038% 16.541 21.2973 42 4363 389534 4069485 H H i i
100.0875 141.3021 |182.5367| 1159934 119.7546 3275807 male as glven n (6) and anOther 1S for fema_le In (7)
™ 7 It is well-known that the strength of woman is lower
S IR TSN TG ol N N i than man, so the adaptive threshold for female is lower
05989 | 10557 [07705 | 05013 [ 0042 | 0658T than male; the adaptive thresholds calculated by (6)
450182 25.83134 19.725 219172 26.1327 | 23568T .
107.0275 | 1150562 [111.0419| 3533547 | 80.3577 | 725487 | and (7) and the aqaptlve thresholdrfevery volunteer
i) 7 personare given inTable 4 We can see that each
P R I T T BT S B e T threshold of person is different, due to the mass of
6.5163 0.3686 0.1234 0.1524 00802 1479 I I
17.2741 325967 22287 2347 199863 313639 bOdy on everyone IS dlf;erent'
237.2143 796825 72.8515 1686751 1049036 | 1086916 roowoa e
- = awaQ—— (6)
w2 s 8
QQad waQ2—— 1™ vLv (7)
1200
—¢— \Walking
1000 —&— Standing Table 4. Adaptivethreshold ofeachvolunteer
Sitting #Volunteer a b c d
800 threshold | 118.68 88 107.65 94.912
#Volunteer e f g h
threshold | 97.088 | 167.67 | 85.058 118.68
Eéb%g / #Volunteer i j k |
threshold | 169.55 | 131.77 | 141.92 74.54
400 #Volunteer m n 0 p
threshold 68.6 71.77 86.13 64.59
#Volunteer q r
200 threshold 71.77 74.95
-_— -— o \/— ; -— )
0 e " : '
ab c de f g\olijteerdm n o pq r 4.4Phone 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 thefall energy of 3 is lower than
fixed threshold, sdhe fall is not detected. The fall Fig. 17Accelerometervalues in normal
energy of g3 is lower than others and it close to the status

walking energy of gl; therefore it causdse fall
energy of g3 becomemisjudgment. Due to the
different person has different body mass, if the number, _ . ic g g Ti | the gravity of Yaxis is 0.0 i

of samples changed more, aee afraid that more fall h e . o 0.0 Ti The réason 'of
evens will be escaped. So we proposed an adaptivet e gravity of Zaxis is 0. " e _
threshold for detecting the ADL and falh the next using phone tilt isthat some daily activities, like

subsection In this paper we keep receiving th& wglkln_g a sitting may c_ause_large forees well It
will trigger alarm sometimes in order tosolve this

of the user and judge the falls by the adaptive ) .
thresholds. The reason to adopt adaptive threshold i roblem sothatwe apply the phone tilt for_detectlon.
all usually cause theody to sharply tilted, we

that different person has different body mass, so it is . : .
not suitable for a fixed threshold. utilized this feature to determine the fall.

4.3 Adaptive Threshold

0 shows theforces of gravity detected by the
lg)(honewhen the progam is running, the gravity of

Differentto [17], which adopt two fixed thresholds
for male and female, respectively this paper, w
propose an adaptive threshol d

gend



Fig. 18Wearing on the waist 35

=¢—\Walking

0 showsthat the user wears the phone on the |30
waist. When the phone is horizontal to the ground,
only the gravity of Xaxis forces the gravity of ground.
Once the fallis occurred, thephone it status will be
change.
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Fig. 21The curves of maximum value of

SVM
Fig. 19The fall occurred
0 shows thesituation of fall occurred. When the 1200 —o— Walking
fall happened, the usarill be in lying status. In this 1000 —@— Standing
situation, the forces the gravity of ground wilmpose Sitting
to the Yaxis. We assume thavhenthe energyis 800

larger than adaptive threshold and force the gravity o| gpergy
ground has changed other axis instead of-#xis the 600
systemwill judge the situation of user to lball.
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¥ No Fig. 22The curves of our proposed method
L 0 contains four curves which show the maximum
values of SVM in the four cases of walking, standing,
¥ No sitting and fall, respectively. -dxis denotes the 18
Yes - volunteers and “éxis denotes the SVMalues. The
curve of walking, sitting and fall are confusing, it is

hard to distinguish ADL and fall. Only the curve of

I No
os standing is different with others.
> 0 illustrates the four curves of energy by DCT
No |

———> | Capture accelerometer values

coefficients of the four cases, respectively and one
_ _ o curve of threshold. >axis denotes the 18 volunteers
Fig. 20Four kinds of tilt judgment and Yaxis denotes the energy of DCT valuegVe

As 0 shows, g, represents the frontward and €&n obvi(_)us see that the fall hsaparaté to A_DL by
backward, g, represents the leftward and rightward. @n adaptive threshald Refer to the hovetwo figures
We utilize this four kinds of tilt judgmerib obtain the W€ can clearly see that the curves in the figaire is
phone tilt. As mentioned before, fall wiltause the confusing. It is difficult to distinguish with .ADL and
body to sharply tilt. fall.  We collected 200 samples for detecting the falll.
The usemust 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 thevalues fromsensor If a fall is detected,
We compare our method withe maximum value  the ajarm component works toake aralarm sound to
of SVM 15. notify the persons nearby and sending an emergency
messagdo the related persofor help. At the same
time, the map on the webpage shows the location and
the situation of the user is dangerous, as showdn in

4.5 Experimental results



Location:
22.9046071,120.2733518

Users must key in their gender, height and weight to

get the adaptive threshold.

Table 7. Tester test result

Dangerous
l - Number False detection
" of tests
@’ #Volunteer 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. 23The map on the webpage
Number Fal "
. of tests alse detection
4.6 The testing phase
#Volunteer T5 T6 T7 T8
Standing 10 0 0 0 0
In order to test system stability, we test ADL and Walking 10 o 0 0 0
fall by myself. We test each activity 50 times. o o 5 5 5 5
Detailed data are given in Table Thereare some Tng
false detectionduring tess. Thi s test doesnd?d fadB@pt © 0 0 0

the phone tilt method, when the energy of ADL is large, To evaluate the proposed method, we invite 8
the system will false detect the ADL #e fall event.

PN

But the angle of ADLis n 0 t

as

arge

takethe phone tilinto account tsolve this problem.
Table 5. Test results of ADL and fall

persons to test our systemAs given in Table 7we
%8t ADLD &nd ffafis! lin ord@r0to Wheet practid
situation we ask the testes to mount the phone and
wear itin a period of timgin additions,they will act

Numbe | False the falls randomly during the time. Mobile phone is
r detecti Reason Accuracy mounti n g on t h e user oS wal
oftests | on alert is not occurred durinthe test of ADL. When
Standing | 50 0 No 100% the testers act the falls randomly, the system detect the
; fall and make an alarm sound. All fll events can
Walking 50 2 large strength 96% . . .
— be deteced andtransmit the help messagecluding
Sitting 50 1 large strength |~ 98% location to the related perssnonaccurately.
Fall 50 0 No 100% 5.SYSTEM INTERFACE
Table6. Tester data .
5.1The interface of server
#Volunteer Tl T2 T3 T4 server gets input from client socket..
Gender female female male male ﬁ?;‘;e" male
Age 23 23 30 51 w:70
svm:9.74940945082706689
Height (m) 1.7 1.54 1.65 1.72 x:0.2587662
y:-0.6401563
Weight (kg) 68 47 65 62 2:9.724928
22.9046071
Threshold 86.471 72.831 116.988 102.691 120.2733518
client closed..
#Volunteer T5 T6 T7 T8 Client connected..
server gets input from client socket..
Gender male female male male gender: male
h:1.7
Age 53 22 37 37 w70
Height (m) 1.62 15 1.74 1.78 S annn | 22O TS
Weight (kg) | 60 37 76 95 el
Threshold | 112.026 | 60.433 | 123.002 146.92 55092‘7‘22_3’18

The system is carried out to other 8 persons who

client closed..

are not included in the training step to yield the Fig. 24Server obtains the values from the client

adaptive threshold. Detailed data are given in Table 6 _ _
This test adapts both adaptive threshold and phone tilt. 0 shows the message obtained from the client.



The nine values from top to the bottom are 1) thehas gathered 50 data, it will start detecting.
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 -Axis, 6) the accelerometer @ Alert

valueof Y-axis, 7) the accelerometer value e&Xis, 8) D —

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 wusero

Yes

5.2The interface of client Fig. 27The fall occurred

0 shows the graph when éhfall occurred.
5 i When the system detects the energy exceeds the

@ voie @ Femate threshold and phone tilt, it will alert and start to
Height(m): countdown 15 seconds.

-
@ Alert
Emergency message has been sent

Fig. 28Sending emergency message

Weight(kg): &

I 203.71.117.58
AT 0910XXXXXX

Fig. 25U s e pelsaenal information 0 shows if the alarm exceeds 15 seconds, the
system will automatic send an emergency message to
0 shows the screen for the user to key in personaihe telephone number that key in the system by user for
information. User has to key in his/her gender, heighfurther assistance.
weight for calculate adaptive threshold, IP for
connecting the server and telephonemiber for 6 CONCLUSION
sending emergency message. After keyingthat
personal information, press the start button to start
detecting.
_ Tri-axial accelerometers are usken fall detection
in many academic articledut it is a pity that rarely
@ vale @ remale fall detection uses the mobile phones as platform for
Height(m): fall detection. Mobile phone is highly portable, and it
Weight(kg): consists with accelerometer, gyroscope, wireless
o channel and commurdtion component. All _
el necessary components are already integrated therein.

In this paper we propose a method that combines
the digital signal processing technogy and fall
detection togetherin addition we utilize mobile
9.226 phones as asersor. Moreover we propose an
adaptive thresholdand phone tiltfor fall detection.
This is based on body mass of the user, so it is suitable
for everyone. In addition, we also utilize phone tilt
Fig. 26After pressing the start button method for the more precise detection in practical

situation Experimental resudtshow that our method
The screen iS ShOWn Iﬁ After preSSing the ach|eves good detectlon performance_

start button, there are three values appear. 118.685 is We are planning to extend our proposed method to

the adaptive threshold which is calculated by gender A . .
height and weight. The current SVM value is 9_226.0ther situations, such as traffic accident report system,

The bottom ofvalue is remaining data, after the systemfaII detection on bicycle. Make this system to be a

Start

118.685

Remaining data : 39
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which can collect and show the locations of falls are11. VermeirenD., Weyn M., and RonG.D. fiDetecting

occurred. It can provide information that whether the human motion: introducing step, fall and ADL

place is dangers or not, allows relevant agencies to  algorithms, Electronic Healthcare lecture notes of the
adop suitable actions. By monitoring multiple smart Institute for Computer Sciences, Social Informatics
phones, medical center can know all of the patients at ~ and Telecommunations, vol. 27, p. 62-69.(2010)

the same time. 12. zhang, T, Wang J., Liu P. and Hou @Fall detection

by embedding an accelerometer in cellphone and using
KFD algorithmd, International Journal of Comjmr

7 REFERENCES Science and Network Security, vol. 6p.[R277-284.
(2006)

1. HoriT, Nis_hidaY. and AizawaH.\ﬁSensor N_etwork 13. Jiangpeng D Xiaole B, Zhimin Y., Zhaohui S Dong
for Supporting Elderly Care HoraeProceedings of X. fiMobile phonebased pervasive fall detectiyn
IEEE Sensors, vol. 2pp. 575578, Vienna Austria. Personal Ubiquitous Comput, vol. 14p.p533 643.
(2004) (2010)

2. Allin S.J., Bharucha A., Zimmermah Wilson D.,  14. vYuniji L., Xingshe Z., Zhiwer., Bin G. and Yue Y.
Roberson MJ, Stevens S., Wactlar H. and Atkeson f"Energy Efficient Recognition Based on Low
C.G. fAToward the Automatic Assessment of Resolution Accelerometer in  Smart Phahes
BehavioralDisturbance®f Dementi@, Proceedingsf Advances in Grid and Pervasive Computing7th
2nd I ntol Wo rug sCoroppting Udr i g u i jhtétnational Conference, pp. 236, China(2012)
Pervasive Healthcare Applicationgy.[25-29, Seattle )

USA. (2003) 15. Mathie M.J,, Lovell N.H., CosterA.C.F, and Céder
] . . B.G. fDetermining Activity Using a Traxial

3. Sixsmith A, Johnson NfiA smart sensor to detect the Accelerometad, Engineering in  Medicine and
falls of elderly, IEEE Pervasive Computing, vol. 3, Biology, 24th Annual Conference and the Annual Fall
pp. 4247.(2004) Meeting of the Biomedical Engineering Society

4. Fu Z, Culurciello E, Lichtsteiner B Delbruck T. EMBS/BMES Conference, vol. 3, pp 24812482,
fiFall detection using an addresgent temporal Houston, Texas, USA2002)
contrast vision sensar Proceedings of IEEE 16. KhayamS.A fiThe Discrete Cosine Transform (DCT):
international Symposium on Circuits and Systenps, p Theory and Applicatiod)

424427, Seattle, Washington, USE&008) http:/Aww.dcd.zju.edu.cn/~jun/Courses/Multimedia2

5. Jansen B Deklerck R.fiContext aware inactivity 011.../complementary/DCT_Theory%20and%20Appli
recognition forvisual fall detection, Proceeding of cation.pdf pp.4-6. (2003)
pervasive health conference and workshoms,1p4, 17, wu Y. G.andTsaiS.L,AiThe AnaiSgnsors o i
Innsbruck, Austria(2006) by Discrete Cosine Transform for Fall Event on Smart

6. Miaou S, Sung P, Huang C.AA customized human P h on Br(‘)ceedingqf The Internqtional Conference
fall detection system using omcamera images and on Digital Information, Networking, and Wireless
personal informatio®) Proceedings of st distributed Communications (DINWC2014) p.37-44,Ostrava,
diagnosis and home healthcare conferenpe3@42 , Czech,(2014

Arlington, Virginia. (2006)

7. Mathie M., Basilakis]., and CelleB.G. fiA system for
monitoring posture and physical activity using
accelerometets 23rd Annual IEEE Engineering in
Medicineand Biology Societyyol. 4, p. 36543657,
Istanbul Turkey(2001)

8. SallehR., MacKenzieD., Mathie M., and CellerB.G.
fiLow power triaxial ambulatory falls monitdr
Proceedings of10th International Conference on
Biomedical Engineering, p 223235, Singapore.
(2000)

9. Lindemann U fEvaluation of a fall detector based on
accelerometers: a pilot stujyMed Biol Eng Comput,
vol. 43, p. 548551.(2005)

10. MostaracP., Hegedud., JurcevicM., Malaric R. and
Lay-Ekuakille A. fiFall detection of pagints using


http://www.dcd.zju.edu.cn/~jun/Courses/Multimedia2011.../complementary/DCT_Theory%20and%20Application.pdf
http://www.dcd.zju.edu.cn/~jun/Courses/Multimedia2011.../complementary/DCT_Theory%20and%20Application.pdf
http://www.dcd.zju.edu.cn/~jun/Courses/Multimedia2011.../complementary/DCT_Theory%20and%20Application.pdf

