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endif
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3.6.2 msﬁﬂuglmuﬁéaau (Supervised Learning)
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7. Polak-Ribiére Conjugate Gradient algorithm
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3.6.2.5 miﬁﬂuguuu Fletcher- Reeve Conjugate Gradient
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N13L58UILVY Conjugate Gradient LITUAUAIWNITAUNINANIIUDY Steepest

Descent #1Us0UMSAUIMAN TR INAN A INEUMS (3.37)
pO =-g09 (337)

SEUVILAUNITLEZ U NN TUINDVTUMUNANIUOY  Gradient  1UTOU

Jagtuawauns (3.38)
Xt = X T Py (3.38)
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norm V®4 Gradient 1UIOUABUNEINY msﬁauﬁuuu Fletcher- Reeve Conjugate Gradient
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P =-8.F B Pt (3.41)
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St (3.42)
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3.6.2.8 n15i§uu§uuu Conjugate Gradient with Powell/Beale Restarts
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3.6.2.9 nwsn’%uu%nmu BFGS quasi-Newton
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H=J"T, (3.45)
HAZEINTOATUINAT Gradient 1@ (3.46)

g=1JTe, (3.46)
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A9 4.1 T1wazBeaune lnseadeneludmsuaIns 195 UAUITI (MMAT7331)
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5.2.1 HAMINABDININTIVIUTYANAUMSHAANAILIEMIMHUAMAUAITH

M15190 5.2 HANTNARBINTATINTUT Y IAMINNAURIEITNIRIMUANTAIETY

. Sensitivity Specificity
MYaBuFIHTUATIIUM IHNAN

(%) (%)
TH,,, = -1.5g, TH,,, = 1.0g 100.00 42.25
TH,,, =-1.5g TH,, = 1.5 100.00 46.75
TH,,, = -1.5g, TH,,, = 2.0g 100.00 42.25
TH,,, = -1.5¢, TH,,, = 2.5¢ 100.00 47.50
TH,,, = -1.5g, TH,,, = 3.0g 100.00 42.25
TH, = -2.0g, TH,,, = 1.0g 100.00 61.25
TH,,,, = -2.0g, TH,,, = L.5g 98.00 71.00
TH,,, = -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,,, = -2.5¢, TH,, = 1.0g 98.00 63.25
TH,,, = -2.5g, TH,,,, = 1.5g 96.00 73.25
TH,,,, = -2.5g, TH,,, = 2.0g 96.00 73.25
TH,,, = -2.58, TH,, = 2.58 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,, = 1.5¢ 96.00 73.25
TH,,, = -3.0g, TH,,,, = 2.0g 96.00 73.25
TH,,,, = -3.0g, THy,, = 2.58 96.00 73.25
TH,,, = -3.08, TH,,, = 3.0g 96.00 73.25

MARAMSNARDIAIIB NI AN UARITAGUDEREY (M 1FAART NV LN

fe TH,,, Az IAEuvOUEUNUAIY TH,,,) WamInaaedlsingannl Sensitivity LAz

MAX MIN

A A

Specificity NATIgARD 100% WAz 73.25% HDMMUARIUDUAT (TH,,,) MIAY -2.5g UM
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1w [ ?v’ < Y1 oA dyd 1A A ) w w9
YOUUU (TH,,,) WMAU 1.5g aaiudeldmiasuiidumiasudimiumsnenssluiite

52200 W

a K

5.2.2 HAN1SNABDINITATIVIUMSHAANMIBDANDS NN UAUD
[ v Y [ Y d' o [ = Y
5.2.2.1 HANIINANBINITATIVIUNITHAANAIDANDINUNHUTUBNUNMITISEU]

11U Gradient Descent (GD)

M3197 5.3 HAMINARBIATITUMIUNANMEDanDS MLl taueiumsFous

Gradient Descent

Tnsaad1alnsaane F1UIU 181019
- P Sensitivity Specificity

szmninew S9UMS Hnaou
) ) %) %)

(Input-Hidden-Output) | Wnaeu Gy
300-80-2 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
300-101-2 5000 63.38 92.00 98.75
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5.2.2.2 HAMINARBINIIATIVIUMsHAANAIEDane AnTinauenumsGeu]

Gradient Descent with Momentum (GDM)

A15197N 5.4 Naﬂ'l'i‘ﬂﬂaf)ﬂﬂ?iﬂiﬁ%%ﬂﬂﬁﬁﬂﬁg}uﬁgﬁﬂé’ﬁﬂ

Gradient Descent with Momentum

3]

a

< Ao o () ¥
NUNUUTUDAUNTITOU

Tnseaialnsang 1M 321015
- 3 Sensitivity Specificity
Uszaninen FOUMS Nnaou
. . (%) (%)

(Input-Hidden-Output) | Hnaou A1)
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
300-104 -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
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5.2.2.3 HONINADDINITATIVIUAITHAANAILDANDINNNHUTHINUNITIEUJ

Variable Learning Rate (GDA)

3147 5.5 KEATNARBIAMIATIVTUNITHAAUMEBAnes iuiuausiunsSend

Variable Learning Rate

Tnsaa3alnseng CRLTELY 1A1N15
- - Sensitivity Specificity

szanminey SOUNTT Hnaou
p - (%) (%)

(Input-Hidden-Output) | Wnaau Gun)
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
300-111-2 374 495 93.00 99.50
300-114 -2 367 488 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
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5.2.2.4 HANSNANBINIATIVIUMIHNANMBD AN NN uTUBA UM B aUS

Variable Learning Rate with Momentum (GDX)

N

3 @ @ - o LY ~t F 4
A15197 5.6 HANINATBINITASINTUNITHNBUAIBBANBI NUTTUTUBAUM TS IU]

Variable Learning Rate with Momentum

Tassadlnseang 11U 120113
- p Sensitivity Specificity

Uszanifien S9UNT Hnaou
. . (%) (%)

(Input-Hidden-Output) | Hpaou Gun)
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
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5.2.2.5 HANITNANDINITATIVIUNITHNANAILDANDINHNUUAUDINUNISITBUI

Resilient (RP)

M9 5.7 HAMINARBINTIVTUMTHNANAWBaAnes nuhinausnumsiSous

Resilient
Tnseadalnseane 1Y 1791015
- - Sensitivity Specificity

szamney OUNT Wnaou
. Ny (%) (%)

(Input-Hidden-Output) Wnaou )
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
300124 -2 3 1.03 90.00 99.25
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5.2.2.6 WaMInALINIATIRIUM INAANGILdane S i uauenumsien

Fletcher-Reeve Conjugate Gradient (CGF)

M99 5.8 HaMINeaBIAIATIITUASAUTIETanes RuTiuduedumsGoud

Fletcher-Reeve conjugate Gradient

Tnsea3lnseany U IS
- - Sensitivity Specificity
Uszaniney SOUMS Wnaou
- . (%) (%)

(Input-Hidden-Output) Wnaou QuIn)
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
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5.2.2.7 HANINARBINIIATIDT UM IHNENMIBTaneI Nui uauenunsTeu]

Polak-Ribiére Conjugate Gradient (CGP)

! @ @ a { o @ =) 4
ﬂ]iNﬁ 5.9 LLﬁﬂ\‘lWﬁﬂ’]i'ﬂﬂaﬂ\‘iﬂ’]iﬂi’mﬂﬂﬂ’]i'ﬁﬂﬁuﬁ’)ﬂ@ﬁﬂﬂiﬁuﬁunﬁuﬂﬂ‘iJﬂﬁﬁfJug

Polak-Ribiére Conjugate Gradient

Tnssadulnseane $1uau MY
- - Sensitivity Specificity
szamninen SOUMS Nnaou _
) . (%) (%)

(Input-Hidden-Output) | Wnaou Gun)
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 | 101 75.00 99.00
300-110-2 48 1.90 94.00 99.25
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90

Conjugate Gradient with Powell/Beale Restarts (CGB)

14

u

A15199 5.10 uﬁmwamsmammsmaﬁumwﬂﬁ’uﬁ’wé’aﬂﬁﬁuﬁﬂuﬁuaﬁ"‘ums

FSEJHSZJ Conjugate Gradient with Powell/Beale Restarts

Tassa3lnsatie F1UIU 1IAIN5
- - Sensitivity Specificity

Yszamney SOUNS Wnaou
. . (%) (%)

(Input-Hidden-Output) Wnaou 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
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5.2.2.9 HANTNANDINITATIVIUMIHAANAILDANDINUNUUAUDIAUNITUTH U]

Scaled Conjugate Gradient (SCG)

A19147 5.11 LAAIHANISNAADINITATIIFUMSHNENAIEDanas nuitiduenuIsas

ﬁﬂu§ Scaled Conjugate Gradient

Tnssa31elnsatne #1147 11115
o - Sensitivity Specificity

Uszemney SOUNS Wnaou
) . (%) (%)

(Input-Hidden-Output) | Wnmou Awn)
300-80-2 57 1.63 93.00 98.25
300-94-2 218 6.04 90.00 99.25
300-96-2 1 031 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
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5.2.2.10 HamsnaAnoafIsdane SiuMitaueun1siseus One-Step Secant

(0SS)

A15197 5.12 LLfT@NWﬁﬂ’liﬂﬂﬁﬂ\iﬂ’liﬂi’)%%ﬂﬂ’lﬁﬁﬂgllﬁ,’lﬂﬁ‘ﬁﬂ@%ﬁuﬁﬁWlﬁuﬂﬁUﬂﬁ

¥
ﬁﬂug One-Step Secant

Tnsear¥alnsatne UM (191015
- p Sensitivity Specificity
dszaninew SOUMS Hnaou
- - (%) (%)

(Input-Hidden-Output) | Wnaow AQun)
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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5.2.2.11 HANISNANDINITATIVIUNITHNANAIWDANDINNNINUTUDNUNISIIE U FHUDY

Variable Learning Rate with Momentum (GDX) WedSunasumaaisuy

M91971 5.13 LAAIHANINARDIATIVIUNITNAGUAI8TTN13 58U Variable Learning

. A " = f A A
Rate with Momentum (GDX) Wolsuidasuaaaiy

, Sensitivity Specificity
MIAFUTIMTUATI9 UM IHAAN

(%) (%)
TH,,, = -1.5g, TH,,, = 1.0g 100.00 93.50
TH,, = -1.5g, TH,,, = 1.5¢ 100.00 94.75
TH,,, = -1.5g, TH,,, = 2.0g 100.00 94.75
TH,,y = -1.5g, TH,x = 2.5¢ 96.00 95.00
TH,, = -1.5g, TH,,,, = 3.0g 96.00 95.00
TH,,, = -2.0g, TH,,,, = 1.0g 100.00 96.00
TH,,,, = -2.0g, TH,,, = 1.5g 98.00 98.75
TH,,, = -2.0g, TH,,,, = 2.0g 96.00 98.75
TH,,, = -2.0g, TH,,, = 2.5¢ 82.00 99.00
TH,,, = -2.0g, TH, . = 3.0g 79.00 99.00
TH,,, = -2.5g, TH,,, = 1.0g 98.00 96.50
TH,, = -2.5g, TH, = 1.5¢ 96.00 99.25
TH,,, = -2.5g, TH,,, = 2.0g 94.00 99.25
TH,,, = -2.5g, TH,,, = 2.5¢ 79.00 99.50
TH,,, = -2.5g, TH,,, = 3.0¢ 75.00 99.50
TH,,,, = -3.0g, TH,,, = 1.0g 95.00 96.50
TH,,,, = -3.0g, TH, = 1.5¢ 92.00 99.25
TH,,, = -3.0g, TH, 5 = 2.0g 90.00 99.25
TH,,, = -3.0g, TH,, = 2.5¢ 75.00 99.50
TH,,, = -3.0g, TH, = 3.0g 69.00 99.50
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5.3 INTZAHANM INAADY
o Y A ' I 9 any ° A
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a4 A 1 ° Y . Y 9 1 9 1
VABUVOLE (TH,,,) 799 229 1%A7 sensitivity 1AIAUgNAB 100% UATun1ansstum
. . F A Vv Y A A 9 [} 1 Y
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ANUISDINAINTIITLANMIIAINN -1.5g daumsiadoulnanddinlnglimanusags

A1 -1.5¢ Taumwizod1aganisinaeu lnilszinndundu uazilioanmdaisuuouad (TH,,,)

) 1 o ' L. o 4 o
THina -2.0g azvhlimanugndos sensiiviy anaudnieuilesnindyayimmanndy
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~ o

¥ Y1 1 @ o 1 i i ) . A 2
1endefivhldmanusaindansesuanussiiangani -2.0g uAz  specificity IWUAY
iflosmnmsndeulmadnddinlvg  (uennamsindoulvalszianmislan)  Ta1Anuiss

o/ Q 1 1 :, T ] T = o Y . . st A é’
1IR3 297uA IS T -2.0g wag Taganan 1.0g 3avir1vA1 specificity HAURNAU 1N
a ¥ Y 1t s A t t @
HTUHANINARDININUALAIAIAETNVDVAN (TH,,,) HazvoUUN (TH,,,,) IMAU -2.5¢

o o o @ Ao A P . . v ow
1.5¢ auddy Aldnmamsnaapaiangane Sensitivity L0 Specificity 96.00 % 1M1NU
o s :’./ j Y v A 91 v [ t
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Abstract—A fall monitor svstem is necessary to reduce the rate
of fall fatalities in clderly people. As an accelerometer has been
smaller and inexpensive. it has been becaming widely used in
motion detection fields. This paper proposes the falling detection
algorithm based on back propagation neural network to detect
the fall of clderly people. In the experiment. a tri-axial
accelerometer was attached to waists of five healthy and young
people. In order to evaluate the performance of the fall detection,
five young people were asked to simulate four daily-life activities
and four falls: walking, jumping, flopping on bed, rising from
bed, front fall, back fall, left fall and right fall, The experimental
resulis show that the proposed algorithm can potentially
distinguish the falling activities from the other daily-life
activities.

Index Terms—Fall, fall detection, neural network.
L INTRODUCTION

Recently, United Nations [1] has reporied that the

population over the age of 60 yvears 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 clderly people has been
increasing rapidly. the health problems of the clderly people
become more scrious. Qbviously, fall is one of the most
dangerous problems. since it causes serious injury or accidental
deaths. Furthermore, the clderly people who have fallen would
scare about fall. and cannot do any activity or cannot be alone,
Hence. a fall monitoring system  which can detect and
immediately alert the fall of the elderly people is necessary (o
reduce the fall fatalitics.

In literatures, the fall monitoring  systems  can be
sategorized into three groups. First, 3D aceclerometer-only was
utilized to detect the tall {3]. [4]. [6). 17) [11] and [12).
Sccond. in order to increase the performance of falling
detection. the other sensor such as gyroscope (2. 3], or optical
motion-capture 8] were combined to the 3D accelerometer.
Last. without accelerometer. sensors such as acoustic sensor
[9]. or visual sensors [10] were used.

The systems which used acoustic or visual sensor (with or
without aceelerometer) were unpractical and may lead 1o some
problems. For example. visual sensors must be installed in a
fixed arca then it was inconvenient to elderly people. In
addition. in order 10 captwre the falling image. high power
computers were inevitably nceded. and the visual systems were
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privacy violation to the elderly people. Next. the acoustic
systeims were easily contaminated by many acoustic noiscs in
their environment such as door slamming. human voiees and
cte. These noises would disturb the acoustic processing so that
the falling detection performance decreases.

As the advanees of the recent miniature aceclerometer and
gvroscope technology. a very small and lightweight motion
capture system can be realized. The system can be attached to
body of the elderly person to capture hisfier motion. ‘The
advantages of the system were that the captured motion could
not be casily contaminated by environmental noise then it wi
more reliable than acoustic systems. Since the elderly pcoplc
can use the system by themselves in all places. then it s very
convenient,

For the only acccleration signal, a number of literatures
proposed the detection algorithms based on thresholding the
magniule of acceleration or velocity, For example. J. T. Perry
and el. [2] developed a falling detection algorithm bascd on the
veetors sum of the 3D accelerometer and 21D gyroscope which
were calculated us follows:

(

G Q)
where a.. a. and a, were the dara 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 sclected
thresholding values for A and G were 3g and I g, 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 lafl from the other daily-life activities.
the sum veetor of horizontal plane (Sy) was calculated as
follows:

(3

Second. in order to detect more types of the fall. the
Timestamp of falling body to be at rest (T,,) and timestamp of
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the body's initial contact 1o the ground (Ty.) were defined as
follows:

fortinin = Lin

A-A LR}

endif
eudflor
cndwhite
endfor

Last. in order 1o distinguish the fall from the sudden motion
activities, backward integration of reference velocity (Vs
was calculated as follows:

Tiv
Vum\ = J lsu ®-11dt [N )
s

In [8]. the authors modified Eq. | to compute the moving
velocity as follows:

v - J‘(Jui +al+a; -9.81 m.-'s:)dl (3

The conventional falling detections are hard to seck the
optimal thresholding values, i new types of the falls or daily-
life activities arc added 1o the algorithms. In this paper. we
propose a new algorithm based on the back propagation neural
network 1o recognize the patterns of the falls and the other
activitics. The advantages of the proposed algorithm is that the
neural network can casily lcam the patterns of the new falls or
activities. The paper is organized as follows. In scction 2, the
basic theories of back propagation neural network are given. [n
section 3. the hardware architecture is implied. In scction 4. the
proposcd algorithm is described. [n section 5, the experiments
are shown. Finally, the conclusion is discussed.

1. BACK PROPAGATION NEURAL NETWORK (BPNN)
BPNN is a mathematical system which models biological
neural networks by interconnecting several ncurons. 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 ol the input. hidden, and output neurons. in gencral. n
is the number of the input signals. and ¢ is the number of
recognition patterns. The performance of the overall BPNN
depends strongly on the selection of p. I p is too small, it leads
to something called under fitting problem, The under fitting
problem occurs when there are too few neurons in the hidden
layers to adequately detect the patterns in a complicated input

signals. On the other hand. if p is too large, it leads to two main
problems, very long time to train the BPNN and over fitting
problem. The over fitting problem oceurs when the BPNN has
so much capacity to process information, but there are not
enough training signal o train all of the neurons in the hidden
layers. ’
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Fig. |. Bach Propagation Neura) Network

Each ncuron has links from a single or multiple neurons,
and cach link has a numerical weight associated with it. The
weights are the bosic means of long-temn 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 operations.

In the feed lorward operation, n input teatures arc ted to the
input neurons. Then the outpuis of the hidden and output
neurons can be computed as follows:

n A
Yo & rsig [Z NiVin |+ (©)

P AN
Z, = rsrg. [ Z)‘hwlm J (7)

A hett

respectively. where l‘w(x) = (1+¢)". x; is the value of the i
input neuron. vy, is the weight of the link between i™ input
neuron and h*' hidden neuron, vy, is the value of the n" hidden
neuron. Wy, is the weight of the link between W hidden neuron
and o™ output neuron. z, is the value of the output layer.

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

Wi e S A @
80 =2, (1-2, ) (b,- %) ')
new ol

- G 2 v 4 ald
Vig S Vi T ‘lzﬂh-\- Tadvy . (10)
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