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Research Title: A Human Falling Alert for Elderly People by Using Mabile Telephone

Researcher: Mr. Thurdsak [eauhatong

ABSTRACT

Nowadays, the amount of elderly people in Thailand has been increasing and is anticipated
that Thailand will be elderly society in 2027. Falling is the major problem of elderly people. The
30 percent of elderly people who are older than 65 fall every year. From clinical studies, 80 percent
of accidents and 62 percent of injury treatments are from falling. Moreover, deaths from falling are
double of deaths from car accidents. This research project develops a system to alert human falling
in elderly people to hospital and their families. As a result, the elderly people can be cured quickly
in order to reduce the rate of deaths or disabled. The system consists of a movement measurement
machine which detects the falling of the elderly people, Web application which is used to alert the
falling, and a navigation program which can guide an ambulance to get the elderly people. From
the experiments, the measurement machine can effectively detect the falling, the Web application
can cooperate with the measurement machine to alert the falling, and the navigation program can

show the map to guide the ambulance.

Keywords : Human Falling Detection, Back Propagation Neural Network
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7. Polak-Ribiére Conjugate Gradient algorithm
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TrueNegatives+ FalsePositives (5.3)
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LL‘U‘UGiN"’] (%W Gradient Descent, Gradient Descent with Momentum (181 Variable Learning Rate
Fudy Taeluiboaduazdoatmua Tnseadievos Taseodssemdiomuy 3 suldioad
Usgamifey (Neuron) Eluﬂi?yumm’h (Input) 31UIU 300 wad uazclu%yumaaﬂ (Output) 311U
2 waddnmi 5.12 dndnumaddsramifivslusudey (Hidden) 9$A8IAUYNTILIY

sa & @ @
iraamnzeay lagnsnadey Fawamsnanesamisag lddamneluiade 5.2.2

Input Layer Hidden Layer Output Layer

logsigmoid
S - lmx . _ logsigmoid
Initial weigh \& Initial weightls

300 [... x 300] @ Bx..] f et [2 x 1]
[8x1]

[....x1]

Y =logsigl D, W) Z=logsig( Y. 1-W)
i=1 i=l

M 5.12 Taseardwes Inseglszenfoudmsunsnaasa
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5.2.1 HANTINAABINTINTIVIVTYY TUNITHAANAIBTMIMNHUAM AT

Ly

M15197 5.2 HAN1INAABINSATIITUTYRIUMITUARNABITMsIMUAmMTAITY

Ca . . 3 Sensitivity Specificity
AMVAULINTIHRIVATIVDUNIHINAN

(%) (%)
THy =-1.5g, TH,,,, = 1.0g 100.00 42.25
TH, =-1.5g, TH,,,, = 1.5g 100.00 46.75
TH,,, =-1.5g, TH,,, = 2.0g 100.00 42.25
TH, = -1.5g, TH,,.x = 2.5g 100.00 47.50
TH, =-1.5g, TH,,,x = 3.0g 100.00 42.25
TH,,, =-2.0g, TH,,,, = 1.0g 100.00 61.25
TH,,, = -2.0g, TH,,,, = 1.5¢ 98.00 71.00
THy = -2.0g, TH,,, = 2.0g 98.00 71.00
TH,, = -2.0g, TH,,,, = 2.5g 98.00 71.00
TH,,,, = -2.0g, TH,,, = 3.0g 100.00 61.25
TH, =-2.5g, TH,,,x = 1.0g 98.00 63.25
TH, = -2.5g, TH, = 1.5g 96.00 73.25
THyy = -2.5g, THy,x = 2.0g 96.00 73.25
TH,, = -2.5g, TH,,,, = 2.5g 96.00 73.25
TH, = -2.5g, TH,,, = 3.0g 96.00 73.25
TH, = -3.0g, TH,,,, = 1.0g 98.00 63.25
TH, =-3.0g, TH,,,, = 1.5g 96.00 73.25
THy, = -3.0g, TH,,,x = 2.0g 96.00 73.25
TH, =-3.0g, TH,, , = 2.5g 96.00 73.25
THyy = -3.0g, TH,,, = 3.0g 96.00 73.25

s/ s o f A A ] s Y1 A a
NNHANITNABIAIEITNIMUUAIITAGTNOEINAYY (M3 IFATATNVRULUUNY
A28 THy,y UAZMITAEUVOUAIUNUAIY TH,p,) HAN1SNAAB1/5INYIIA1 Sensitivity uaz

Specificity Tiafigane 100% tag 73.25% WefmuARIvOUEI (TH,g) 1AL -2.5g daus1
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5.2.2 HAMINADBININTIVDUMINNANG WO ANO S NUNTUaHD
[ v Y ¥ af ::' o QU = v
5.2.2.1 HAMINABBINIATIIUMSHNANT @SN NNt naueiumsiGeu3

111UV Gradient Descent (GD)

M3 5.3 vamInaaedaswiumanndudssdanesnuiinausfumsFous

Gradient Descent

Tassaralasang U naM3
- - Sensitivity Specificity

dszaniiay 39U Hnasu
) ey %) %)

(Input-Hidden-Output) | Hpgeu Gun)
30080 -2 5000 57.37 92.00 99.25
300-83-2 5000 58.20 93.00 98.25
300—-86-2 5000 64.07 92.00 99.50
300-89-2 5000 59.98 95.00 98.25
300-92-2 5000 63.47 93.00 98.00
300—95-2 5000 65.84 93.00 99.50
300—98 -2 5000 63.77 93.00 98.50
300101 -2 5000 “ 63.38 92.00 98.75




5.2.2.2 HAN3NARBINIATIVI UM sHANTwdanes T uauefum S eus

Gradient Descent with Momentum (GDM)

M31971 5.4 KaMINAABINITATITUMINAANRIBTANDS v naueRunIBouf

Gradient Descent with Momentum

79

Tasaanalasavie 11 a5
- - Sensitivity Specificity
sy S9UMST Anaeu
- o (%) (%)

(Input-Hidden-Output) | Wpaeu Qwn)
300-80-2 5000 66.28 96.00 73.25
300-86-2 5000 59.88 95.00 98.50
300-92-2 5000 62.36 95.00 98.50
300-98-2 5000 69.82 69.00 100.00
300104 - 2 5000 61.92 96.00 73.25
300-110-2 5000 64.93 88.00 99.50
300-116-2 5000 66.73 75.00 83.00
300-119-2 5000 70.43 60.00 99.50




5.2.2.3 HANINARLIMINTIIUMIRAGUMIETane I AN NaHeAUMs S aus

Variable Learning Rate (GDA)

M1 5.5 HaNMINAaBIMIATIITUNMIHNANAIBdaneT iuAtiaueRumMISous

Variable Learning Rate

a
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Taseasalnsene F1u7u 21015
- - Sensitivity Specificity

dszanimen S0UNS Anaou
. o %) (%)

(Input-Hidden-Output) | Wpaou Q)
300-93-2 338 3.74 91.00 99.25
300-99 -2 334 3.95 92.00 98.25
300-102-2 334 4.18 94.00 99.75
300—111-2 374 4.95 93.00 99.50
300—114—2 367 4.88 94.00 98.00
300 — 123 -2 373 5.39 95.00 98.25
300—126 -2 336 4.85 93.00 98.50
300—129—2 370 5.39 91.00 98.00




5.2.2.4 HANINARBININTIIUM sHAANAWOANL3 NN T nauafumsiTaus

Variable Learning Rate with Momentum (GDX)

M990 5.6 HansnaneaMsnsiunsundudedanesnufitiausiunisiSoud

Variable Learning Rate with Momentum

81

Tassas1alassaine U AIMS
o - Sensitivity Specificity

Uszanmen 39UMS Hnaeu
. L (%) ()

(Input-Hidden-Output) | Hnaou Q)
300-84-2 1216 13.55 95.00 99.75
300—-88-2 272 3.97 91.00 99.75
300—90 -2 1185 13.82 94.00 99.50
300-100-2 1744 21.40 93.00 99.00
300 —102 -2 1499 17.69 96.00 99.25
300-112-2 1519 19.43 94.00 98.75
300-122-2 1699 22.29 94.00 98.75
300— 138 -2 2070 30.26 95.00 99.25




5.2.2.5 HAMINARBINIIATIVIUM sHNANWSanes NN uauefiumsTeus

Resilient (RP)

M991 5.7 wamsneasindumsundudisdanes iuimiuauesumsiSous

82

Resilient
Tassaalasavie 11U 11915
- - Sensitivity Specificity

dszannmney SOUMS Anaou
) . ) %)

(Input-Hidden-Output) Anaeu A¥n)
300-82-2 27 0.81 90.00 99.50
300—-86-2 27 0.72 90.00 99.25
300-90-2 34 0.85 94.00 98.50
300-94 -2 30 0.79 91.00 99.00
300-102-2 26 0.82 89.00 99.25
300-114-2 29 2.59 92.00 74.00
300-122-2 27 0.78 90.00 98.75
300-124-2 31 1.03 90.00 99.25




5.2.2.6 HAN1TNAADINITATIVIUM IHNANAIIDAN

Fletcher-Reeve Conjugate Gradient (CGF)

=N

] Gl o [v) =4 F 4
DINUNUUTHINUMILIUU

M3t 5.8 HamsnaaeensasIumsrndudledanesiuiitauedumsiSous

Fletcher-Reeve conjugate Gradient

83

Tassasalnsave U IAIMT
- - - Sensitivity Specificity
szaminey S9UMT Hnaou
) ey (%) %)
(Input-Hidden-Output) Wnaou (un)
300-80-2 257 5.94 96.00 73.25
300-88-2 114 3.84 91.00 98.75
300-94-2 90 341 88.00 99.75
300-104 -2 121 3.20 94.00 98.00
300-106-2 22 1.05 94.00 99.00
300-108 -2 241 5.96 92.00 97.75
300-130-2 16 1.05 96.00 77.00
300—-140-2 56 2.10 92.00 -100.00




5.2.2.7 HAN1INARBINIIATIVV UM SHAGUA LD anD I NuMinaue UM ITeus

Polak-Ribiére Conjugate Gradient (CGP)

84

M31a7 5.9 LIAAIKANTNABBINIATIITUMINNANAIedanes Ny uaueiumsiSoud

Polak-Ribiére Conjugate Gradient

Tassaalasavie 1Y nAMS
- - Sensitivity Specificity

Uszanimen SOUMSI Hnaou
. o (%) (%)

(Input-Hidden-Output) | Wnaou Gwn)
300—84-2 34 1.50 93.00 99.50
300—88 -2 58 2.89 84.00 99.75
300-92-2 28 1.16 93.00 98.25
300—94-2 38 1.44 93.00 99.50
300-96-2 35 1.43 94.00 98.25
300-106-2 43 1.45 93.00 99.50
300-108 -2 25 1.01 75.00 99.00
300-110-2 48 1.90 94.00 99.25
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Conjugate Gradient with Powell/Beale Restarts (CGB)

maan 5.10 LL’CTﬂQNﬁﬂﬁ‘ﬂﬂﬁﬂQﬂﬁﬂﬁ'Ji]*’:]"Uﬂ1iﬁﬂﬁlhﬁﬁﬂﬁaﬂﬂ?ﬁhﬁﬁuﬁuﬂﬁ"]Jfﬂi

L?qu Conjugate Gradient with Powell/Beale Restarts

_ Tassaalasaang FuIU AN
- - Sensitivity Specificity

szanmen SOUMS Hnaou
) y (%) %)

(Input-Hidden-Output) Hnoeu AUIN)
300-80-2 22 0.90 88.00 ‘ 99.50
300-94-2 35 1.18 94.00 99.50
300-96-2 36 1.79 91.00 99.75
300-102-2 35 : 1.26 93.00 99.50
300-126-2 41 2.48 79.00 99.50
300-130-2 72 3.68 92.00 99.00
300-132-2 24 1.36 95.00 99.00
300-140-2 42 ) 2.65 94.00 99.00




5.2.2.9 HAMINARBIMNINTINIUMIHAANWBaneI NN uaUR MM STEuS

Scaled Conjugate Gradient (SCG)

3197 5.11 LAAIWNAMINATDINITATIITUMIHNANA T aneSnuN i uauatuIEns

L?Elui’ Scaled Conjugate Gradient

v
= o
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Tassafelassae U IM3
- - Sensitivity Specificity
dszaniien 0UMT Hlnaeu
. . (%) (%)

(Input-Hidden-Output) | HWnaou Q)
300-80-2 57 1.63 93.00 98.25
300-94-2 218 6.04 90.00 99.25
300-96-2 1 0.31 96.00 73.25
300—102-2 113 3.77 92.00 99.50
300-126-2 90 3.59 94.00 . 98.75
300—130-2 99 2.84 93.00 97.75
300-132-2 98 2.78 94.00 99.50
300-140-2 1 132.19 96.00 73.50




5.2.2.10 HANINARBINETAND I NN UTHUOAUNI3I58US One-Step Secant

(0SS)

M15197 5.12 LAAIHANINARBINITATIVIUNMITHNAUREDano SN taUefUMS

L?Uuil One-Step Secant

87

Tassaalasaane fUIU AN
- - Sensitivity Specificity
dszamimen 8UMS Alnaau
] . (%) %)

(Input-Hidden-Output) | Wnarou G
300—82-2 2216 74.80 96.00 73.25
300-86-2 1 0.33 96.00 73.25
300-88-2 630 60.50 96.00 73.25
300-92-2 2 0.35 11.00 99.25
300-94-2 1 0.30 96.00 73.25
300—96 -2 99 4.23 96.00 73.25
300-112-2 779 70.99 96.00 73.25
“300-134-2 1 0.33 9.00 100.00
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Variable Learning Rate with Momentum (GDX) aﬁeﬂ%’mﬂﬁaudﬁm’%u

MINA 5.13 LAAIHAN1TNATDIATINTUNISUNANAIBIDAT5IS0US Variable Learning

Rate with Momentum (GDX) dielfunldeusdiaFy

88

, Sensitivity Specificity
MIABUNINTUATIVIUM IHAAY

(%) (%)

TH,,, =-1.5g, TH,,,, = 1.0g 100.00 93.50
TH,p, = -1.5g, TH,, = 1.5g 100.00 94.75
TH,,p, = -1.5g, TH,,, = 2.0g 100.00 94.75
TH,,, =-1.5g, TH,,, = 2.5g 96.00 95.00
TH,p = -1.5g, THy,,, = 3.0g 96.00 95.00
TH,p, = -2.0g, TH,,, = 1.0g 100.00 96.00
TH,,,, = -2.0g, TH,,, = 1.5g 98.00 98.75
TH,p, = -2.0g, TH,,, = 2.0g 96.00 98.75
TH, ;= -2.0g, TH, . = 2.5¢ 82.00 99.00
TH,p = -2.0g, TH,,,, = 3.0g 79.00 99.00
TH,p, = -2.5g, TH,,, = 1.0g 98.00 96.50
TH,p, = -2.5g, TH,,,, = 1.5¢ 96.00 99.25
TH, = -2.5g, TH,,,, = 2.0g 94.00. 99.25
TH,p = -2.5g, TH,,, = 2.5g 79.00 99.50
"TH, = -2.5g, TH,,, = 3.0g 75.00 99.50
TH, 5, =-3.0g, TH,,, = 1.0g 95.00 96.50
TH, p, = -3.0g, TH,,, = 1.5g 92.00 99.25
TH, = -3-08, Ty, = 2.0g 90.00 99.25
TH,py = -3.0g, TH,,, = 2.5g 75.00 99.50
TH,p, = -3.0g, TH,,, = 3.0g 69.00 99.50
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The 2012 Biomedical Enginecring International Conference (BMEICON-2012)

Human Falling Detection Algorithm Using Back
Propagation Neural Network

Mr. Adna Sengto
School ol Elcctronics Engineering, Faculty of Engincering
King Mongkut’s lnstinwe of Tcchnology Ladkrabang
Ladkrabang, Bangkok, Thailand 10520
adnag@ni.ac.th

Abstract—A fall monitor system is necessary to reduce the rate
af fall fatalities in clderly people. As an accclerameter has been
smaller and inexpensive, it fias been becoming widely used in
mation detection ficlds. This paper proposes the falling detection
algorithm bascd on back propagation neural network to deteet
the fall of clderly people. In the cxperiment, = tri-axial
accelerometer was attached to waists of five healthy and young
people. Ta order to evaluate the performance of the fall detection,
five young people were asked to simulate four daily-life activities
and four falls; walkiag, jumping, flepping on bed, rising from
bed, fraat fall, back fall, left fall and right fall. The experimental
results show that the proposed algorithm can poteatially
distinguish the [falling activitlies from the ather  dally-fife
activitics.

{ndex Terms—Fall, falt detection, neural network.

1. INTRODUCTION

Recently, United Nations (1] has ccported that (e
population over the age of 60 years constituted 11.7 percent of
the population in 2011, and it will be increased to 20.2 percent
in 2050. As the proportion of the elderly people has been
increasing rapidly. the health prablems of the clderly people
become more scrious. Obviously, fall is one of the most
dangerous problems, since it causes serious injury or accidental
deaths. Furthermore, the elderfy people who have fallen would
scare about fall, and cannot do any activity or cannot be alone.
Hence, a fall monitoring system  which can  deteet and
immediatcly alert the Tall of the ¢lderly people is necessary (o
reduce the Tall faratitics.

In literatures, the fall monitoring  systems can  be
categorized into three groups, First, 3D accelerometer-only was
utilized to detect the fall (3], {4), (6). {7), [11] and {I2].
Second, in order to increase the performanee of falling
detection, the other sensor such as gyroscope [2, 51, or oprical
motion-capture {8] were combined to the 3D accelerometer.
Last, without accelcrometer, scnsors such as acotstic sensor
[9), or visual scnsors [10] were used.

The systems which used acoustic or visual sensor (with or
without accelerometer) were unpeactical and may lead to some
problems. For example, visual sensors must be installed in a
fixed arca then it was inconvenient to clderly people. fn
addition, in ordcr to capture the falling image, high power
coniputers were inevitably needed, and the visual systems were
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privacy violation to the elderly people. Next, the acoustic
systems were casily contaminated by many acoustic noises in
iheir environment such as door slamming, human voices and
cte. These noises would disturb the acoustic processing so that
the falling detection performance decreases.

As the advanccs of the recent minjature accelerometer and
gyroscope technology, a very small and Jightweight motion
capture system can be realized, The system can be attached to
body of the clderly person to capture histher motion. The
advantages of the system were that the captured motion could
not be casily contaminated by cnvironmental noise then it was
more reliable than acoustic systems. Since the elderly people
can usc the system by themselves in all places, then it is very
convenient,

For the only acceleration signal, 8 number of literatures
proposed the detection algorithms based on thresholding the
magnitude of acceleration or velocity. For example, 1. T. Percy
and cl. (2] developed a falling detection algorithin based on the
vectors sum of the 3D accelerometer and 2D gyroscope which
were calculated as follows:

2 2 2
A= ax+ay+a . n
G=yzi+g: . @

where a,, a,, and a, were the data from X, y, and z axis of the
accelerometer, respectively, and g,, and g, were the data from
X, and-z axis of the gyroscope, respectively. The selected
thresholding valucs for A and G were 3g and 1g, respectively.
In order to increases the performance of the falling
detection, C-C. Wang (4] proposed three more criteria. First, in
order to distinguish the fall from the other daity-tife activities,
the sum vecctor of horizontal plane (S,) was calculated as

follows:
5, = JoTeal. .

Sccond, in order to detect more types of the fall, the
Timestamp of falling body to be at rest (T,,) and timestamp of



the body's initial contaci to the ground (T;.) were defined as
follows:

injeifel;
forfj ST S400;i~4) K& (Fw 1)
while (0.5 < Ai<t 1.3)

clse if(u = 60)
To=i, Te=j.F=0Q:
cadif’
wndil -
cudfor
endwehiile
cudior

Last, in order to distinguish the fall from the sudden motion
activities, backward intcgration of reference velocity (Vi)
was calculated as follows:

Tic
Vmax = I [Sn ®-1]de ]mn,\' “)
T

In (8], the authors modified Eq. | to compute the moving
velacity as fallows:

v uf(,/ai val+al -9.81 m!sz)dl )

The conventional falling detections arc hard to seck the
optimal thresholding values, if new types of the falls or daily-
life activitics are added to the algorithms. In this paper, we
propose a acw algorithm bascd on the back propagation neural
network to recognize the patterns of the falls and the other
activities. The advantages of the proposed algorithm is that the
neural network can casily learn the paiterus of the new falls or
activitics. The paper is organized as follows. In section 2, the
basic theories of back propagation neural network are given. (n
section 3. the hardware architecture is implied. In section 4, the
proposed algorithm is described. In section 3, the experimenis
are shown. Finally, the conelusion is discussed,

1L BACK PROPAGATION NEURAL NETWORK (BPNN)

BPNN is a mathematical system which models biological
neural networks by interconncecting several neurons. The
structure of the BPNN used in this paper comprises three
layers, input, hidden, and output layers as shown in Fig, 1.
Each layer consists of many neurons. Let n, p, and q be the
number of the input, hidden, and output neurons. In general, u
is the number of the input signals, and ¢ is the number of
recognition patterns. The performance of the overall BPNN
depends strongly on the sclection of p. If p is too small, it Jeads
to something called under fitting problem. The under fitting
problem occurs when there arc too few neurons in the hidden
layers to adequately detect the patterns in a complicated input
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signals. On the other hand, if'p is too large, it Ieads to tivo main
problems, very long time to train the BPNN and over fitting
problem. The over fitting problem occurs when the BPNN has
so much capacity to process information, but therc are not
enough training signal to train all of the neurous in the hidden
layers.

Woigh Wight
Commeciion (vid

®c$ Quiput,

QOatput Layer

Inputezd{ n J

tiput Layer  [liddea Layer

Fig. |. Bock Propagation Neural Netwark

Each neuron has links from a single or-multiple neurons,
and cach link has a nunierical weight associated with it. The
weights arc the basic means of long-term memory in the
BPNN, and express the strength of each neuron input. The
process of the BPNN can be divided into two operations, feed
forward and back propagation opcrations.

In the feed forward operation, n input features arc fed to the
input neurons. Then the outputs of the hidden and output
neurons can be computed as follows:

Yo =g Zx.’"‘ih ] ©

i=] P
Z, = ru’g iﬂ\ Who | 9
h=l -

respectively. where £, (x)={1+¢*)". x; is the value of the i*
input neuron, v, is the weight of the link between i™ input
neuron and h™ hidden neuron, vy, is the value of the h™ hidden

" neuron, w;, is the weight of the link between h* hidden neuron

and o® output neuron, z, is the value of the output layer.

Let b, and 2., be the desired and actual value of f;;, of the
o™ output neuron, respectively. The weights of all links can be
adjusted by back propagating the output nedrons to the input
neurons as follows:

Wi = w‘,::’ H‘ZS" yptad w‘,:f R [¢3]
5, =2, (I-z,,)(b‘,—zc), )

VR = vie ) Gyx, taaval . o (10)
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b=l

where wis”and vi™are the update weight in output layer and
hidden layer respectively. wi and v are update weight cach
prior iteration in output layer and hidden layer respectively. 8,
and §, are the error gradients in output layer and hidden layer
respectively, 1 is the learning rate that bas value between 0 and
I. « is momentum factor usually set 0.95.

For the k™ patiern, by, = 1, if k = o, and by, = 0, if
otherwvise. The error of the feed forward operation of the k™
pattern, Ey, can be expressed as follows:

q
By =059 (b2, ) -

o]

32

where k ¢ {1.2. ... q}.

In the learning process firstly, all of the weights arc
initialized to some values, z, of the initial weights are
computed by using the feed forward operation, and the errors
of all patterns are computed by using Eq. 7. Next, alf of the
weights arc adjusted untif all of the crrors are converged to
2cros using alternative sequences of the back propagation and
feed forward operations.

L THE PROPOSED HUMAN FALLING DETECTION SYSTEM

In this section, both of the motion capture system and
algorithm to detect the fall of ¢lderly people are described.

A, Motion Capture System

The motion capture consists of three parts as shown in Fig.
2. First, & 3D accelerometer, MMAT7631 modcl, is used (o
measure the acceleration of the clderly people. The selected
accelerometer is small and fight weight, consumes low power,
and can be configured to mieasure the acceleration with two
sensitivity scales, 24g and +12g. Second, a versatile
microcontroller from Microchip Inc., PIC24FJ128GBI110. is
used to manipulate the motion capture and read (he data from
the accelerometer. The microcontroller has some useful
featurcs. For example, it consumes fow power, can operate 16-
bit data. and can convert analog signal to 10-bit digital data.
Then it can accurately and cfiicient process the acceleration
data. .

ceclerumeter v-»f»f Micracontraller m}i SO card ;
'""“'"i S
; Batterry

Fig. 2. The Block Diagrum of Mation Captures System,

From our experiments, the falling signals are sigaificantly
shown in the vertical aceelerometer. In our motion capture
system, the sampling rate of the vertical signal is 60 Hz. The
recorded signals from ADC circuit are converted to the gravity
valuc as follows:
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_ (Vape*Rane)-Vop/ 2 .
= . (I3)

g2

SEN

where g is the caleulated acceleration in m/s®, Vape is the
rccorded value, Yy is the supply voltage of the accelerometer
sensor, i is the number of bits of the ADC circuit (n = 10), and
SEN is sensitivity of the accelerometer (SEN = 308 mVig for
MMAT631). Last, a 32 GB SD card is used to record the
acceleration data. The advantages of the SD card are that it is
cheap, robust to the falling impact, consumes low pawer, and
can record the acceleration data for whole day.

B. The Human Falitng Detection Algorithm
In this study, we categorize the human activities into three
groups; |) the falling activities such as back, forward, left, and
right fall, 2) the slow motion activities such as walking,
flopping and rising from bed, and 3) the sudden motion
activities such as jumping, and running. Three example signals
of vertical accelcrometer from three groups, back fall, rising
from bed, and jumping, are shown in Fig. 3. From our
comprehensive observations, the vertical accelerometer signals
of the falls have two characteristics which can be used to
distinguish them from other activity signals.
¢ The absolute signal values of the slow motion
activitics are always lower than the signal value of the
sudden motion activities and the falling activities with
some threshold value.
¢  The patems of the falling signals are a little bit
dilTerent from the signals of the sudden motion. All of
the falling signafs have single sharp peaks, positive or
negative peak. On the other hand, the sudden motion
activitics have diverse and complicated patterns. For
example, the jumping signals have two or three
consceutive sharp peaks. The running signals are
periodic patterns, -
According to two characreristics, the proposed algorithm
consists of two processcs. Firstly, a simple threshold process is

“used to distinguish the slow motion activities from the falls and

the other sudden motion activitics. Next, if the absolute value
of the signals is higher than the- threshold: valuc, the back
propagation neural network is used to detect the falling signals.
The detail of the proposed algorithm can be described as

tollows,
o
[ 2
an
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i
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Yita {reami)

Fig. 3. Examples of the falling signal (bluc linc), the sfow motion activity
signals (green line), und sudden motion activity signal (red finc).



1) The Threshold Process: In this paper, we use (wo
threshold values, THymne and THyay, 1o separate the slow
motion activitics from the other activities. {F the signal values
arc greater than Ty and smaller than THy .y, the signals arc
considered the signals of the slow motion activities. From our
experiments, the signal value of the slow motion activities arc
always greater than -2.5g and smaller than 1.5g then THyy and
THyuax are -2.5g and 1.5g, respectively. An example of the
threshold process is shown in Fig. 4. The walking and falling
signals arc shown in the left and right side of the green line,
respectively. Obviously, the amplitude of the walking signal is
in the range of the threshold, and the peak of the falling signal
is outside the threshold.

;é ; R TN X (T
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B3
Pt farmmndy
Fig. 4. Threshold algositha.

2) The Falling Pattern Recagnition Process: In practical,
there are many human sudden motions. Most of their patterns
are complex, and some sudden patterns such as jump are
similar to the falling patterns. As a vesult, it is very difficult to
design mathematical equation(s) or programming algorithm to
scparate the falling patterns from the other sudden patterns,
However according to the advance of the pattera recognition
technologies, it is possiblc io design the falling recognition
process. In this paper, the back propagation neural network is
proposed 1o recognize the falling patterns. The detail of
recognition process can be described as follows.

Lewning The
Pattem with
Neural Network

.

3 Feature Extraction |74

Fig. 3. The Falling Paticn Recoguition Process

@ The Falling and Sudden Motion Signals Extraction:
From our obscrvations. all of the falling signals appcar before
the falling peak around 2.5 seconds and the cad of the signal is
Aafier the peak around 2.5 seconds. Then in order to extract the
falling signal, we have to detect the time of the falling peak,
tpea. We assume that the interval time that the falling peaks
should be appear is [Guuy, Lymat3 second), where 1., is the time
that the captured signal is out of range of the slow motion
signal, greater than THyax or lower than THum. According to
our sampling rate, the interval time of the falling peaks is [{yay,
b 7299 samples], and  the interval time of the falling signal is
[teu-150 samples, tea+149 samplesl. The pseudo codes of
extracting the falling signal arc shown as (olfows:
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for (t= 0 1< CaptureLength -[1 t+4)}
IFEN(a > Tilsax 1 xft] < THans)|
for (i = 1+1 3§ <0 300;§44)¢
il abs{s(jf) > abs{x[i-1 1}
trean,
1

‘

N2 {xltpac- 130 Xtipag fonees Mterac+ 1497}
l

where Capturel.ength is the length of the captured signal, x is
the captured signal, and X is the data set of the extracied signal.
Two cxamples of the falling and jumping signal extraction arc
shown in Fig. 6.
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Fig. 6. Two examiples of the signal exteactivns.

b) The Patern Recognition Process: The number of
extracted input signals is 300, In this study, the number of
patierns recognized by the BPNN is 8. Hence according to Fig.
I, we used the BPNN structure with one hidden layer that is
configured as follows. n = 300, p =90 and q = 8.

IV, THE EXPERIMENTS

{n the experiments, 5 young and healthy subjects, 4 men
and 1 woman. were asked to wear the motion capture system
on their waists and 10’ perform 8 activities; walking, Jumping,
flopping on bed, rising from bed, front fall, back fall, left fall
and right fall. Positive x axis of the motion capture system is
directed towards the bottom along the vertical axis. The
quantitics and the interval times for cach activity arg shown in
Table [. All of the captured signals are separated into 2 groups;
training captured signals and testing captured signals. The
training captured signals were set to input prototype of the
BPNN and then, the testing captured signals were tested by the
human (alling detection algorithm, BPNN, to classify the falls
from other activities. The ¢xperimental results were shown in
Fig. 7. Detection performance for cach fall type was
represented in sensitivity and specificity.



Tanie !
SIUVLATED ACTIVITIES DATASET

Description of Quaniity | Tolerval Time (Sceund)
Stmalated Activities N

Back fall 20 10
Front fall 20 10
Lelt fall 20 10
Right ral) 20 10
Flopping on hed 160 [y
Rising from hed 100 10
Jumpiong 100 10
Walking 100 10

The sensitivity and specificity were caleulated as fotlows:
TrucPositives
(15)

Sensltivity = — e |
TrucPositives+ FalscNegatives

TrueNegatives
TrueNegatives + FatsePositives *

Specificity = (16)

where TruePositives is the falling signal was detected as a fall,
FalseNegatives is the falling signal was detected as a normal
activity, TrueNegatives is the normal activity signal was

detected as a nonnal activity, and FalsePositives is the nonmal
activity signal was detected as a fall. Overall sensitivity was
measured to be 96,25 percent and specificity was measured (0
be 99.50 percent.

e e o wre wie L R ey < "> ey Kty
Fivwme Neene e Nagaine
{2) Fall Diztzetion Rats by Activities o Didly-life Detection Rute

Fig. 7. The experimental resolt

V. CONCLUSION AND FUTURE WORK

As the experimental result, the proposed a human falling
detection algorithm can be distinguish between the falfing
signals from other activity signals with high seasitivity and
high specificity by using back propagation neural network.

In the future work, we¢ will add more the simulated
activitics that will rccognized by BPNN such as running, fast
flopping on bed, slide fall cte. [n addition, we will improve the
performance by exteacting the suitable feature and reducing
featarc dimension. ‘Finally, we will test our algorithm with
clderly people
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