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Abstract

Falls are significant public health problem. In the last few years, several
researches based on computer vision system have been developed to detect a person
who has fallen to the ground. This paper presents a novel fall detection technique
namely the directional bounding box (DBB) to detect a falls event especially a
situation of fall direction paralleling the line of camera’s sight. The DBB is constructed
with perspective side view transformation of depth information. Moreover, a new
aspect ratio namely the center of gravity point (COG) is proposed to monitor human
movement. The proposed technique was evaluated with the video data set gathering
from a RGB-D sensor. The experimental result of the proposed technique was better

both accuracy and response times than previous works.
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sewinmsBunazmisduadldediedaou Unidededemhmendnamansy
Andulundesveuiniulddmiunsfamuimisnisiadeulmvesuyudly
nATevewues lasfindosweuatiansaduunoondy 2 gULLUUé’ﬁﬁ

1. NADIVBULWALUUADIRA (2D Bounding Box: 2DBB) tWunaesuauiun
fannsnasdldnnnmitlianndesilfiannsouanmaldifisaosdfviniy
naesvouinrintgnlilunmafoesunivaremnegunsaifunmilldannse
Foamlaineiludauansugud 2-2

JUTN 2-2 NARIVBUIYALUUHDINRA

Tneiiindnsnadiusemineanugs (H) wazAeunine (W) vesndes
voulnil gnihanldiduiunuaniugueanisduvesiayana Somadiades
i1 1 viereugatesninauniie dunneauinfienduluininisdy
Ao Tnerdnsduiiae Ry aansoduamldanaunsi (2.1)

H

2. NARVBUALUUANER (3D Bounding Box: 3DBB) tJundevauius
NgnenszAvTuNIT U TuNaNIINNTTAILIT099UNTAISUN NN TORERS

o 1

AuntsvaaganlulwIwny Z vislu@eanudnls deihgunsaliunimasly

D.
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walulagvesdursusauldlunisasiagadoyandifvanilla dn3dedaun

Usslomiluliadeyadsnanunussgndlddmiunisnsadumsduiifiianadn
wazoanIINMmIsuesTuN Ml dauansfanIng 2-3

JU 2-3 NABIVDULYALUUAUIR

f v a v

Arvnsndnmansiinidedenldlunsnsiadunisdy fe aueives
/& WD 30 WD lencth 17l Tnefidnaanuenivesdu WD Saieunvinlngds
donAdeefuUAnIULY0INISALAIINYITY TnoA1e9ANend WD 9t
anunsarwndldainaunsd (2.2)

WD =~vW?2 + D? (2.2)

naziilesannAwesnueveady WD fianmudsusaumnnmnuuy
“3on1sNAY WidinIdeariinisasivaeuiiudulagldrininugevesndes
1 iAesed uinansnmaduiafanadiegluzuuuy false negative vdedl
maudainlaiduudsyaaaldduaduiifuuduindu

& ! L4
2.8 ?@@TuElﬂﬁ’?d&!’?ﬁ?!@d%"?dﬂ’?%!&liévﬁl

AAULINALIAVDIT1IN8UYEE(Center of Mass of a Human Body)
(Arthur Chapman, et.al 2008) l¥vidnni1sineafiuiuanmudnalavest sy
(Center of gravity) mmmiﬁmwaﬂlmmmmama%amzﬂm Imammﬁuaﬂmq
masuaqs'mmauuwasuuaaﬂummwawuwwu,amaaﬂ o vuriuieg gy
Tuanunnsaliifinsfunsaagsiligaguinaraiaszegnislusisnisuing
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WitlevasuNantes waavnluaaiunisalnsranieiinisitudseludatneda
antlaginainlviaaaudnaaenaegusiinuensunNefgUn 2-4

JUN 2-4 uansgeAudnaanasgngluuazuenuIInYeIINNY

n1sAuINIAAudnasvesialuingnilsutuaiusailaudining
Huagditeniensaedaliluiamislanang Wiesnangagudnaisdanaiiay
Lifimsideudmuniawiiningiuazgnuyululuiiale lnegeaudnaisvesiia

1Al ) Y !
WBYN 15y, AANNTT (2.3) AUaN

n -
Tom = Z o (2.3)
i=1 Mtot
el 7 AD FLNUIINLADIVDINIAN

m; AR WIAURIINGIUN i

Meoe  AD HATINVDILIANIANATUTEUY

3

P

3

[

n Ag I1UIUYBIRAIIATIIAlUTEUY



14

o
JUT 2-5 KanIwitenAudNa NI TE NI IaaR IR IILS

mﬂg‘uﬁ 2-5 93uAnedesTULATIIE 2 dwndslann m, waz m, lned
WIRves m; dvwintdesndt m, Juhliduntsvesgaaudnalsuda G Tndly
eEa m, Advuinvesnaiivinnit Tuvasiiunmes r1 waz r2 sy
nawesifigasududdslunasifisrfulussuy

[
=4 P

2.9 indeviiolunissausedndntw

8NTIATIERANNYNARY TuauIdeHaginUsvansn1sueInans
NAADILALNANTUIINAT accuracy specificity bag sensitivity (Tom Fawcett,
2006) lngArdsnanzawInlanaunis (2.4) - (2.5) seluil

A1 Accuracy

TP+ FN
accuracy = (2.4)
TP+TN+FP+FN
A1 Specificity
T
specificity = _IN (2.5)

TN + FP
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A1 Sensitivity
TP

sensitivity = TP EN (2.6)
+

Inefi TP = True Positive,
TN = True Negative,
FN = False Negative, lLay
FP =False Positive

2.10 NISNUNIUIFTSUNSTSNTLAYITDJ

Nor Surayahani Suriani wagagig (Nor Surayahani, etal 2012) ¢
&’jﬂamuﬁgwudﬂmmmwmiﬂﬁzmEJLLUULsmmﬁmaqmim?{aulm Tunssey
AnuAaUnEluids spatial wazldmsieszinmsiedeudilumssyyanuiiaund
Tuidstemporal e Imw‘hmimaaqﬁusqwﬁaga Multiple camera fall dataset
Fauszneuseianssuluiauses Tuldun nsidu nsAud wavnsdudnva
Ae 9 1wy auluaunt duluarunds dazauluaiudie Tusuideainan
Braueisnsiaeudiosndu 3 suneu Tneduneuusnagld Motion History
Histogram flefamamgAnssunisindoulv lunisadanisidsudnuazaes
$19me Feimudlunsndeulmlurasifuuazvnsduwanseiu Juitdes
FN15AIUINAT Motion Geometric Distribution (MGD) wieldanausaly
nsinasulmsznineam ldansaasanudnvarnisduldiiedadu was
#Jgumaufjmﬁww Biological inspired Feed-forward network lunisuuangu
AINTTUNITRULATNITELDNIINAY Fananisaaeanuinianisiildaunse
LUINGUANUENSANLAE N TaNYRINY Bl 9N FBY

Jia Luen Chua wazmne2 (Jia Luen Chua, etal 2012) l@avaue
mﬂﬁﬂiwﬂumsmaﬁumié’ﬂmasﬁuﬁumsLﬂﬁauLLanaqu'ﬁNwwé wAdla
ildgaagaiiounuyanaunuiiogld ellipse w30 bounding box ARENwALT
gnafaanduiiinaingnaingaildgnldlunisiinsginisdsunase
sUfailonsandunséu Lmﬂﬁﬂﬂwﬂ%’wmuwﬁiﬂLﬁmu,m'Lﬁmé’m']mimmﬁ’u
nsduldintuusidandn computational complexity Bnse dmsuisnsiily
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Tunudded lounnisadaienenjusieuywd (Human Shape Extraction) @43
n1saunInilunaenow tensianidaryanaluganInisle Lonuwaln
ANIUMYAEINIANITUNUUTIUA 9 vaes1nenysdliun Aswe 6160 uay
U1 anvairdy 9 wlEnuN WU MSURLUYL NaTINVDIAIINGY LALENTIVDY
Augs waztluldTimsenguinsvesywd Junsudaluidunisldssuunis
M5793UN158% FaUseneudie 2 druldun dufintdadunisidinisau (fall

. =’ ~X 5y a ¢ | ¢ | A o
recognition) Fadugdunvuegiunsiasesuiauyed uay dauiaaaduns
gudun1say (fall confirmation) %a%sﬁuagjﬁ’usﬁmnmﬁqﬂﬂauﬂﬁﬂﬂ NANNS
MA98931NUITeH Iiaugnaaslunisnsiadun1say 90.5% wazildnsing
A a ld' Qddy v Y d' %
Aeuln (false  alarm  rate)  8g#l 10% IsUarunsalidoyaiiedtunis
Waguwladludiuuulazd1ua190339NeNYLE HaN15Aa0IUwInALag
TelunuidedanuisaldlafiunisasiadunisaulugannInlewuuiaiass
(real-time video sequences)

Miao Yu wazane (Miao Yu, et.al 2012) lavinns3delaeisuannnis
AUNNNUNAS (background subtraction) Wednnn wlesnin (foreground) %1
) Y & o o cad v o Yaal . PN
Juaueanin Mntudnadnsils lUusuugelagldisnis post-processing 7
WANNT AN Imaéﬁagamﬂ ellipse fitting Wag projection histogram AULNUYDY
ellipse gnlHilunmudnuniy (features) dMSUKENUETINNIAN 9 VoIUYWE
wazAudnwzvadazgniunleuid directed acyclic graph  support
vector machine (DAGSVM) Lilaugniegyinmie waansnlnazdiunsiuiudeya
YINULNONTIIUNTAY NANITNAABIAINTBYATDIAU 15 AU SEUUTAINIT
ns1adun1saulalugnsigedis 97.08% uavlv false detection rate sy
0.8% AeluanInuIUINaDg

Damien Brulin wagAme (Damien Brulin, et.al 2012) lauausisnns

[y ¥ < | (v ¥ 1 1 d' dl’ < [ 1 d' I
f5793UN15au 9Nty 2 drundntewn dununiladunisnsiadulasesiaidu
wywd neldanimwindeuiuansaluaniiuld Wy avainevesasldeull

N [ £ d' ) 1 a < % d! 1 [~4 g:v % 1
wsoingsoutnUdeudurudluaniy Wudu Fauseenidu 3 Tunau laun
) A ) = ~ a | a A =
YUADUN 1. N15FFIUNSLUALULUAS ImamaumgmmawLiJaEJuLuJaamﬂ
v o & Y da & o ¢ = o & o
LWiumWﬂawummmLﬂulﬂlmawmumvLﬂuuuwa ININITAUNTINNUNA
mstiLmuLLmavﬁ]mmwwwaqmmﬁ Single Gaussian distribution LLavm
ﬂ’l’]llLLG]ﬂG]WQ‘U@QQ’]W{]?O"UUUHUJW’]WWMM&QG]’JEJquJu‘VHQ Mahalanobis Guumau‘m
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2. Msfnna wadnsAldundannisauamilundszdussdusenaudifinns
FoulostaonaazduiywdvieTngduaadeulmld funnfinrsannisunud
vosasAUsEnavitiniadeulsanardulunmitiiunlusinagyinliaiunsa
fvunaudnuuzvesingiiadenuild Tasfmundunduvessaiiauls wagi
nsinnunguuasaisaulamailunaeanaulsunin anduinisionis
asfUsznovfideulssiiiunadndanduneuneuniuazsnenisTngiifnau
nsideulmn uvinsdugiuielinimmsaiuniedindsiidunyudlumss
amduflenuusludinndely  uar dunoudl 3. msutingu Taeld33ves Viola
and Jones Tngisusnenisnsasdoyasneg Adaboost Wa Haar-like filters uas
nsutsngulassinsvesuyudiionaidnuuslasssraniounyvdiovun vied
Wigsunsdau Wy Taseiamdeuuyuddniluaiuuvessiane Gumi-
nds-dre-97) FeiiludengudeyatuaginniaFoudlagldundayauyusfidu
A33nfudde INRIA

visannsanatulassieiiduiyedud dufiaesazdudiuves
ms¥idnvmzimie demsanuayudluninveaslsunmida sunsusioluas
Hunsidnuaeyivng lnsutseendu 2 duneufe 1. afnnadnuos et
amiivhnisaufiundaudauvhnissuamunundnuessnanieuysd Taeld
38n153@579% Principal Component Analysis (PCA) iemuwalusidatuiiiu
GT@Lmuﬁﬁﬁqmm%’agamwﬁmwwud’]Lﬁumywéﬁu 2. 1% Fuzzy Logic System
(FLS) Tunstugdeyautniunadwsiidasnts g FLS Aldluruitedusznauly
fe 4 @ lawn Fuzzifier, Rules, Inference system, Defuzzifier HaN1INAGDY
yo9iEnsiitiauslunuideinuiludiuresmanmadulasseiiduuyudd
dasanugniisegi 97% wazdisnsinismsraduiianainegil 3% uagnanis
naaosludveINssmimanudlagldis FLS Weifisuiuls 1-NN wui13s
FLS  Sanuusiugilunisdimimavesuyudlafnitlidesduvitdiesuas
vidovinanuudunfng

Caroline Rougier wagmz (Caroline Rougier, et.al 2011) lauiaue
Wnslagldszy mmmmmuﬁum%muama (centroid height) ‘U’e)ﬂﬁiﬂﬂﬂﬁi
psndumsda Tnsutsoanidu 3 Tuneu fio suseudl 1. nsmTamszUIURy
(Ground plane detection) ) Tngunamszunuituvesiesesadmludilngda
V-disparity Tuneud 2. n3AnAUFIuAARA(Person tracking) way Localization
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Tnnismdyaaaiazdwmisluguamm duneud 3. nsmsradunisdurall
detection) Inglias1zinian AU UUaELLAY8IAU (person 3D trajectory) 1y
LENAILLANA1INTTENINAINT TN I Wy linan1snaaeuinaALwing
NPy izazﬁi’@mﬂisﬁ’uﬁyuﬁqﬁmaqmwaaﬂugﬂﬁmﬂsﬂummmﬁumsé’u
Ingazliinanisnsaadvitansedlelidinglaquidmdefnvinsnisdu wand
westaoiviedngla q Anvnalillvindesdunmauiiduls Snsranusalunis
\ndeuivessmeneugninquadildgninanldlunisesiadunisdu Tunns
‘1/1maaasuaaam"?%’aﬁlﬁﬁmﬁﬁwsqm%agaﬁm%’umiaau(training data set) 91N
anmnsiiu e Auasegrauduund diedwinmian thresholds daanunisel
Tonduaaiunisalund wie AnUnd dnsdiuimszesiifaainseduiuda
nAudasesau (Dtrain) wazauiflunisindeuiivesauainamindouln
(Vtrain) wazihaesdunldlunismen thresholds soly Fawanismaaeswes
3%’151’7@1LauaiuQWuiﬁsﬁwudﬂﬁwaﬂWim’gﬁumaé’uﬁﬁimé’mwmmgﬂéfaq
087l 98.7%

Shaou-Gang Miaou wagAmy (Shaou-Gang Miaou, et.al 2006) g
Anuidensasedumsduesigionslnegldaunsalfunmiiedn MapCam 1u
ndesuila Omni camera  famnsafunwialoysmesls 360 aarnlsd 1ng
aTRdunsaulalagldinatinnisussananannuenfiunnaaanaNAInlunIs
aéenaesveuntuniielifosvdnie 9RTITENINAIUYILALAINGIVBY
Ausiuteyaduiveaulain BMI (Body Mass Index) kazlseifin1ssnw
T3 WieUszneuldlusanessudmsunsatunisdulaenisusuamisfiwesti
fienumnganluwiaznsdiionandsnisudadoudlisndunas dunsiiu
msquaidufivawdmiunsdiifdudosnisfunsguainnituni sansmaaeu
voiEThiauenuIAnugnAesdmiunsaiilildteyadiuyrauarlidoyadau
UARARD 79.8% Uag 69% ANUEIAU

Peng Shen Ong Wazmmuz (Peng Shen Ong, etal 2014) inaus
FBn13n5radunisduiifivszansandianunsavieuuseianan wldiuuy Real
time lpaidanldaunsalaednuuulusunsuls (Programmable Gate Array:
FPGA) dmSuUszanananIn Anawin 640 x 480 finwa 7 Faidane3suves
dfunsnrdunmsdude 1. msnsdumaedeulmvesingiilindnnisues

nsavesnvesiundnieainingiindoulmsenunainnin 2. n1sanludiuves
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Lnlasmsfiansanlawusesdiogluguuuuves YCrch uag 3. m3nsiadums
aulpeivuanaosvaulwad MU U ILIUYDIAINgIMAZANNTI9UBIFUTI
uywd Tnefinnsannisduasiatudedniugsdimutiosndianuni udld
anansvhaldmnnmsduduiiet uluiuruusuduguuewesiandes 4
Fnstiausiaunsnandnanislindanuadldis 33.33% uazvhanud
Tunisuszanalans 58.36 wisusaIunii

Behcet Ugur Toreyin Wazatdz (Behcet Usur Toreyin, et.al 2005) 19
Ionsanatunmsduinaunausznintamsssnananiwisledildanndes
wasnsatuiudeyaidesiigniufinlaeldlulasing lnefiddudunismsadu
uvinvestoyati 2 fil

1. mybngiteyaifle §ideliitnsnnaduingiiadeulmlngld
maisuifisumsuieuniuassuilagu Mnduiaiundesvouiniitessy
wmgﬂé’lﬂmmamaﬂwwﬂumwﬁu falutuneuagyiilirdnadusening
Argaazaunisvaandeniatu §35ldlE Wavelet transform silsiandl
Aruusiugnty antudaindilugnssuuniaeld Hidden Markov Models
(HMM)

[ [

2. MyATetayaides f33uldivatin Wavelet transform ffldnueay

Y
[

\Ju High-pass filter (HPF) Audgaandsuiislinudnvazvosdyyiund

(%
o

arwddngdamudstu mnduisuunmenisallaeld HMM Wudedy
fudignltlunsieszinm lnenanmaaeunuiinslfidssalunisiansan
msduansaliilueded aunsaannisudadenlusuuuu false positive
visomsfudadeuinduudliifnnisduails

Alex Edgcomb uazmtzs (Alex Edgcomb, etal 2012) dausnis
Wisuiisunsnradumsduiunmialefignuuusanmiiteadudush
Usenaulusedaless 5 4ia laun aleduaty, 'iﬁ‘[aﬁﬁmswaaéfwma,
Tlefiinsllasssnsiaay, Salefinsadnsunulasisieiny waginledn
insléndemeuadeusouiau snideilifinesndnfeomsnsduseming
ANNGIUAZAUNTY kazdunauYBIARINaIN AT IEAmMANsalNSalau
LUV Binary tree classification Lﬁaﬁmim’lﬁ’l Dynamic Time Warping (DTW)
mﬂmsﬂismaNaé’fgagmﬁwé’mwdwlﬂaiﬁz’j’é’m%’uLU%'EJULﬁﬂUﬂiﬂWﬁLﬁmﬁuLﬁa
Suunmamsaivesnsduls FawavesnsiSsuiiteunuirvdavedialefiiing
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asnsdunilasshsauduainsaisaugndesmssuunuanisainisd
Sensitivity waz Specificity 7l 91% wag 92% AUy

Ji Tao wazAnz™ (Ji Tao, etal 2005) @usuideiisniunisnsiasu
msauluanmwindeuniglueimsdiiineu nedsnsnsindugnuusesnidu 2
dufe drunsnAonsnsadunazinamiyanaiiusngeglunmialelaeld
MsmeusIsesnwlunsoumsuLIa eflagin sadailiaesadngdiu
YosmNLgakarANLNINvBINdesTaUIIATIABNFIYARAEBNILAN duTiaes
Aensoyuumanisailaglddsnsdudliainnszuiunisusnundiuun
wnnsallagld Gaussian Mixture Model (GMM) $asfumsimuadane3suiis
AauUAn1snTvaeuauyAgIulugUiuy Finite State Machine (FSM) lag
annsavmInsedumsdilaluszerilnafueenei udsuuuusiavesnisdy
dnilvgfisisnanugndesgeazeglunguuesyndeyannasuiiotanasingdy
Autavesyutandedludlg

Georgios Mastorakis wagAue (Georgios Mastorakis, et.al 2012)
WAy Vitoantonio Bevilacqua tagAtiz® (Vitoantonio Bevilacqua, et.al 2014)
maausszuunsnsndunsdlaglindes Microsoft Kinect Milaasautiasy
AMwingludfivesnnudniuu 3 Fale vivlvaiunsouaninuanvaevedseng
auludsdnimioniindesiily ideldendedeldiuievlugaiinnisadie
nApNIALUY 3 TRTusTadeusunisvasaudwiliamsonsadunisduly
anefiensldazenn tnevaesnuldinauefinosudnillidmivfinnsannis
& fio Anuenveadunussuvio WD length MAnduszmineanuniiouas
AuEnvasndosvouimiiniluuinugiuaiwosienis 9nduiinisuas
é’agﬁymsﬁagﬂmﬁaqﬁuﬁ‘é’uﬁuﬁ 1 yoeArnusTduiiintusanunislden
vosnugsTasiuMisAsurau Tnsthenildisassritnddsaneisudmsu
mm%’uﬁﬁé’ﬂwmvLﬂuﬂgﬁm%’umiﬁi’wLLuﬂﬂﬁé’mﬁmiwimﬁumwwmﬁma%ﬁ
gniseuilSeuTesuad mmmsmmuﬂmmmﬁmﬂm ugiflugLan3aling
maﬂsvmumamwmﬂmaﬂumﬁmamﬂm fo iledemzunansduiiugnsuniy
fhonsifuriemsuniusureshyaaatuinavhlindosweunfidnvas du
3 ffdgnivAsuudatllnenasaian shlinasesnsnmatuoonundu false
negative vi¥afimsudsilaifuudiyanaliduadlufituud



]
=l ad o PN a e
UNN 3 95601t UUNI19I9Y
nuIfeilavinnsfnulymiveindesveuwaigninunldlunuiden
Netesiun1snsiafunisaundediay Islatdnanendesvouivnwuulng
anunsoluiunuuesgUisvasaunusngIulusmurisimunzanausaiien

mepdlaansulditoUssendidniunIauauYessuuNsnaTunsaula

3.1 NADJIYDULYEIUUTIANIY (Directional Bounding
Box: DBB)

NADIVBULUALUUTANIY (Directional Bounding Box: DBB) Aanaas#iil
anwagnaseuaguynauvuinelasasintululunuifefuiianiawenis

au lnefinaeswiatazlddayailanngunsalfunmidudunsusnguiieniu

'
a

ﬁ’uma’awauLsumquamﬁaLdeaé’wéamﬁﬁmzﬁLﬁﬂméawasﬂugﬂufuuaaaﬁﬁ

a a

L’TIJ‘U "i]\‘]‘l/lﬂi/iLﬂMEJULUUﬂ'ﬁﬂi’NﬂaEN“UEJ‘UL“UG]LLUUE‘*IENZLI AnnIuannsueld

y’]U“U’]Q‘UENﬂ'ﬁ@ZJEJEJG]ﬁEJ@IL']a"I IWEJGU‘L!G]EJUﬂ'ﬁﬁi’]\‘]Ui noulumie 4 “U‘LW]EJ‘L!

De
De

3.1.1 ﬂﬂ?ﬂ%"ﬁdﬁ?ﬂé@?@é/ﬂ@dﬁ"ﬂdﬂﬂy

Fumouiazifuduneunsndmdunisimuafieniinisidowessnanig
deflalituneusiolulddinsinitesmesndemouunuuuiirnnaazeglu
wwnla Tnsfituneutiagyinnisiudoyagaddyuusnenis Uoint point) fiarn
aaﬂmmﬂL%uma%%’umwﬁﬁé’ﬂwmvLﬁuamﬁaﬂiuﬁﬁ’m 3 R Adlauny X, Y uag
Z 115 NS 2 ﬁm 1awn head (jomtﬂead) LLau hip (]OlnthCenter) mmmma
%@Gﬂ’]iLﬁ@ﬂﬁ]@ﬂ@ﬂﬁmu LWW’MLauLammaimﬂmuﬁum“auuuuu’sLmuummi
FananAeuinefiaziinsiaiesafinamngay Tnefinnmesvessanmeazuny
se U Ssannsamuadldanaunisi (3.1) - (3.3)
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Xo = Xneaa — Xnip (3.1)
Zo = Zneaa — Znip (3.2)
W8N Xpeaq P® AAA X Y999AUTIMATYE
Xnip A0 AAA X v899AUsARIna1sainn
Zheqa PR ANNA Z ¥099RUSHATYE
Znp AB AAR Z v099AUshanenatsainn
Y+
. i u
: «
Jointy;
JOlntHipCenter
X+
-
we \

'
=

JUT 3-1 Uananmessnanig

3U7 31 awiulaianmessnne U agasisy 0 fnseviniu
wnwes Vo ildunnmesiiaaninees U fgnasisududiunuluiug
seu laedyudanaanunsarwalansaunisi 3.4

0 = arccos( (3.4)

uv )
HUIIvII

lagKadNsveINTEUIUNTHALINTRAITNVUIAVRIYY O TAAYEING

ANuNINANINUALI NI LU FlAgUNRRAILUILAUIIINIEVDIAUUNRALDETN

Y

o

Uszana 90 a3 gslunidellamnuaieuluyueseni 80 airAgALTUAY
= o 1% ] S v v = & &
Mgansavinsaiendeweuailld lnsinsateulviinssuiunisluduneu

foluFaaziEuYinaUy
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3.1.2 ﬂﬁs‘n"ﬁuomn'ﬁya/a"'mé’vn76wyu?@éﬁaﬂﬁy

\Wesannsnagyiliindesveuluniinenisegiidunisaloun1sues
T9YDINTAUALD AITNYUARI9903519n18F9gn U T iNevIn g avtng

Y

[

szuufifinfianunsassuuinaesouinldie ddunsmududniuiiaeios
AunveaNfiazayy lutuneuifeiniidddyfensfuumanuinves
yuilddmiuvau y Mdlummyulugsmesanduulegldlagfiansanaina
rondudfinneed U nsgviliansuuesidumisiuuulasannsadiuals
NNEuNsT 3.5 Jeaonndosiuguil 3-2

Ir 0 if (Xo <0)and (Z, = 0)

B 4 —180 if (X > 0)and (Z, = 0)
L (Zy > 0)
L a if (Zy <0)

(3.5

el X, Ao AW X Y9eUshaAIenTuA
Ao AR Z veUTInAIenTus

JUN 3-2 wanslaazunsudmsumuayudamsunsyuannnmes U
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FINFIINNA VLIV IRUTTIMTUNITURUYNAUIATEUTREULAD
Avasyuianaszgnitivldlunsyuiumsmyuunulutunausely

3.1.3 nﬂ%‘%yun@'w?@)ﬁﬁn”gywaas‘ﬁdnﬁyfﬁ@ gjfu
2/
HUEIBINNUYUN DI

wasnlamy y dmsuldngund Jainisnyugadidgvessienie
NNIALEBUNTUYUINADITINNIY V sauunu Y Iaglafinnsiinisusuuss
wasndflddmunmemuluunudsluaunis 3.6 Tramnsaldgaquinanana
WJuganyu (Center  of  gravity) ﬁﬂivﬂaué’mm'«mﬁﬁ’m 3 @A1fe
(xco» Yeo Zcoc) ‘Lummwﬂwmammiw 3.7 wiolildnadndinmes W
wmmﬂﬂwmuawmmLsziul,szjasiumwmmaniammzuimmﬂaumsm 3.8

cos(y) 0 sin(y)
Ry,(¥)=] 0 1 0 (3.6)

—sin(y) 0 cos(y)

1 0 0 0 cos(y) O sin(y) 0

_ 0 1 0 0 0 1 0 0
Reoc) =| o 0 1 0 ||-sin) o0 cos(y) 0 (3.7

—Xcoc ~Ycoc ~TZcoc 1 0 0 0 1

N1sMYURINaIEINsaasUsluyuievegauusanslussuulagly
aun1s 3.9 lagh Pr; AendAyuusenenignviguuaddni i @i qwilen
A 1 893091 n 6

Pr; = P; *x Rcog(¥) (3.9)

3.1.4 ﬂ'75‘5‘::y@1°’7uwu’auazwuvawaana’awauwm

nasaInIndIRguusanegnryulviegluluITsuIuIRINAULLLeY
e sisluAensseyvaulunvaIndedensausuNeTasALlanTuNNgA tny
Tgn1siasuieaaiiin X uag Y 1eas199auuYINan Pry Wavnandiuan
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Pp, f@un1si 3.10 wag 3.11 Lielia1unsnaiansoueinasdvauluakuy
Arnatilanasingaaning 3-3 (a)

Prp = [MAX(Prxy, Prx,,,.., Prx,y), MAX(Pry;, Pry,,,.., Prys) (3.10)
Pg, = [Min(Prxy, Prxy,,.., Prx,,), MIN(Pryy, Pry,,, .., Pryso)]

(@)
JUT 3-3 KAAININTINYDINITATIINADIVOULYARUUTIAN

NNgUT 33 szuanslifiufannsindmiunisaiandeseuiad
tnidetiaue :nami 3-3 (n) aziansiagalEudureIaIIndesve LR
ImaﬂmmwﬁLmiqsuaamsﬁawaﬂéwmamwéﬁﬂszmuﬂwsﬁﬂzﬁﬂﬁ%ﬁhéfaﬂﬁ
n1susuyuuedddluiianiddauazay mawmuamwmaiﬂumumummlm
nduanlunnd 3-3 (@) szdiuldiununneessenmevutussuutuas QN
NALNUAIBLUILAY X aumuwammﬂﬂqm@maaiwmalmgﬂmgummmﬂﬂu
YUNONIYUTDUUAILATEIAIUITONINADIVBUIALUUTIANI(NTRUFRAL)LA
I@EN"VEJmezmagﬂuizmuﬁmmzaﬂumiﬁﬂmmmawauLwé’qmwﬁ 3-3 (m)

3.2 ﬁé@@éﬁﬁuﬂuﬁgfﬂu@@étﬂ"?&!%l@dﬂﬁ’@dﬂ@UL‘Zl@LLUU
71IAN19 (Directional Bounding Box Feature)

NUITERIE L2 95MaNIINNADIVBULIALUUNANIIAD ANONTIEIUY
FEMINANUGIMALANUNTIVBINGEDY (Rppy) WUAEINULAITENIN5lEnaes
YBULIALUUEDINA INNTBEAIFININT 3-3  (A) LagNA19A1dIURE1U150
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AUAINaNN1ST 3.12 lae?l DH  uay DW fleainagauazAnuninees
NABIYBULYALUUNANIIA LAY
DH
Ronw = oo (3.12)

P s @ . a o o av Ao o

wanaNWaesnan (Main feature) MinausuailumuIfedduinaus
= s a . A 5 Y Y o =t
WapsLasu (Additional feature) LWOTIEAUVALUNITATIIIUNITAUDNNIINNAU
Uiy lneiaesainanilaedeni1snansangagudnalsvesuliauussynaly
Sufurimensiedeulnvessniniey

lagunfuainisiningaziinauaugaldiinn1sidesduainuseign
nszvilneussfagavadlaniiy gaaudnasvesnadniufivedesegimilonisly
UIusendnguatiuayu (Base of support: BOS) iulaninaguin 3-4 (n)
Inefign P, \ugasiuiiinainidulusiandunesgaaudnaiauiavesanieas

d‘d’lj g.J/ IS 1 dy A ! (% ! dy o 4

wnulunwiieain Tnedszegrineanniufe Hepe A1Radinaiilazgniianld
fsNanIUEANNANRaUDITIIN1ETIRg UM AT uaYuTTe LY dvn
Fnefienuaunavedluusnavesgiuativayy Peos 399 duusnniiug
VBAVNTFUNANNY 20 VuzhIaTiy

—DW—-

(n) ()
JUN 3-4 WanMIWNLIYRIAAUENATLIAUBITINNNY
() egwilousiiugiuatiuayu uay (1) sguenuiiiagIuatiuayu
mmummmwmaLﬂmmamaamamuamﬂmﬂm 3-4 (V) 39 P; vay
UBAUTNUFUATUAYY Ppos fumisdiananiagyilfiAnaszosnediintu
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LY

5¥NI1930 Py WA Ppos M38NI1 Depe MilAMUENTUSIUlon1aveIn1say @9

a !

fnedsnandAINmitlng lemanasiinnisduvsiiasnnyinuu

Faofiasy (Additional  feature) auAdeinanefie A18ns1dIU
3zwmmmqwaﬂﬁ;ﬂﬂuéﬂmﬂmaLﬁEJUﬁuﬁuLLazszazmﬁzijiﬂsLﬁ]ﬂsfi"uﬂuaq
AudnatsuIaieuiuguatiuayy (Reog) Faanunsasuanldannaunisi 3.13
T,mamea‘ﬁLﬁaﬂiﬁﬁLﬂuﬁﬂmaaé’miﬂﬁauﬁL‘Wiwﬂ'w Dcog ViLﬁWﬁuimwiazﬁmﬂﬂa
Alaugeinaiuazdailaiviniu Assezindmilsesnuiigeayliidufumy
dnsuauiinugediosniilild dsdumsldadndinagyinlifudifuaiugs
yesyanaiinmLanAeiulAIusened

Rppg = L8 (3.13)

3.3 LWSULISAFTINSUNISEISIVIUNISAN

[
v @ [ [y

AIdulapaniuunToUNUTTA M UIna A UTUN ST UIUNTNTIITUNS

[ [

aueanluny 3 nszuIumIranfd Aty dawanddugu 3-5 lneusay
nNsrUIUM i Adsialuil

int Point| Joint Point
1) Joint Point| JointPoini | ) ypp pxtractor

Provider
ARGB-D data ' ' L
Rotated
T Joint Point | | €96 DBB
e
Device sensor L 2 v v

3) DBB Analyzer

Human Movement

' '
Ya

JUT 3-5 LAAINTBUIUYDITLUUNITNTIATUNMTAUTE I Ted1aUD

3.3.1 Joint Point Provider

1%

UNUIMNVBINTEUIUNITUAD N1IHERYAEARYYI319N1 (Joint  point)

Ao v P a = . v . .
PN MATENwaENTuA1MEN (Depth image) 3MNN#B9 Microsoft Kinect
¥iin RGB-D camera lagldlavsiuinsgrunlddmsunisimunlusunsy
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UsegnaivezanngaRInaIniandn 20 ARINING 3-6 LitedslikAnszuIunis
dnly

HAND RIGHT HEAD SHOULDER CENTER  HAND LLFT

By Ne P AN

£LBow riGHT (0 A usow weFT
SHOULDER RIGHT ) 7 () SHOULDER LEFT
I
SPINE

. HIPF CENTER
3 ...

WWT, \ HIP_LEFT

f \

[ \
xnee RiGHT (9 (0 kNEE_LEFT

g

!

.‘muu RIGHT = ANKLE LEFT{)
FOOT RIGHT FOOT LEFT

el' o w ] N ]
JUN 3-6 LAMIEAAIAYUUINNIBNYNET
LWDKNIUNTZUIUNTT Joint point provider

3.3.2 DBB Extractor

A v o ! a PN ao A v
ﬂﬁgUUUﬂqiumﬂu']WIUﬂqiﬁiqqﬂaEN“UEJ‘ULGUG]LLUU‘V]FW]’N V]Q’]u’lf\]ﬂublgﬂﬁlj

Jumailandndmsuuszgnadniunisnsiadunisdy lnefisvasiBend msy
NsaseNdesRInaIgnesuelEluiiten 3.1

3.3.3 DBB Analyzer

MsfiszuUMIRTIRdumsdNazansavisinaulaldinnisiadeuln
wulafignduunldinduvdelsiduduaslddmeuiinssurunisludaud dulu
mAfetuildeannuumannatumsdulagld Finite state machine (FHM)
Tagazvhmsfiansandfieesndnuasiteefiasalinsefutoulugnoonuuuld

AagunIid 3-7
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mideillfordsuuuunmsisdmaimesinsaleadiflédmiuns
nrvaeuieulvnisideuaniuzagtiuvenniesanuzdin §3seddldvinnsiin
neaeafiofumiungay Taefnuideillilianuaulaluiinsudaiouroud
wduauliuuiiy Mnnafudeyadmiunaaevludestunuinnadldluns
duegi 5124 wisulagidevie 1.7 Iundl dmiuamnsdmesiiluldlu
Sane¥tu {ideldemsaleadmafinossiomn 4 f dedl

1. The Critical frame number: CFN = 22 suu3e 0.73 U9

Asaumsdngailddmiudunmsimvusveuavesiailddmsu
manmndumstudeidoulaiidmuaduiuassmudeulsvomuiouazedlu
nadanamifoiiAnnisdulaeauysal

2. The upper bound of Rpyy: TU = 3.21 iy

ANVOULIAUUYBY Rppy: mﬁ%Lﬂuﬁwﬁﬁﬁmsmﬁﬁ'wmaﬁuaﬂwwé
Buflaeiunlturesnsdunintuud

3. The lower bound of Rpyy: TL = 1.38 %3

ANUBULUNANSBY Rpyw mﬁ%Lﬁuﬁwﬁﬁﬁmsmdﬁwmawwﬁﬂéjﬁa

PNALAANTAUAATULE?
4. The threshold of R_COG: TCOG = 0.27
ANTALTaNURITNTIAILYRIMLMIIAAUENana Arllazgninanld

A A v oa & Y a X a & |
LW@EJUEJuEJﬂﬂN’JWﬂ’ﬁamLﬂmu"\]iflmaim

Rypw>TU (a) EDHW (b)
T
S1
TU *
Ryw= TU or TimeOut S2
TL \|’
<TU,>TL 53
Romy = — P Frames
Critical Frame NYumher Threshold
e ©
S4 N /
R £ TCOG and Timeln TCOG!
|
— P Frames
Critical Frame Number Threshold

JUN 3-7 (a) insesanugdinvesdaneitudmiun1snmiadunisay
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(b) NSINUEAIANVDY Rppyy NNNSIEOUINEAT1Y ST 1USS S2 Uags3
(0) NI MUARIAIBY Repe NiiANMTIuRoulunazgnideuludianiug Sa

laszunsutasosdnsanituzannndiunsuldluni1sswunnisay

USENOUMENINUA 4 gaueeniulann S1, S2, S3 wag S4 ALARIUAINA 3-

7 (a)

1. S1 1 Juannusfisisnmenyuddaliinnisdy
2. 52 Wuanuzisramesuiivunluindululsinnagdu
3. 53 Wuanuzsaniefagailndazduiigaudn
< A a ¥ é{ 1 [
4. SA4 L\ JudnIusNTNI8LLNANITANVULUUDULA?
1AgNISATLUVUALHIBRaUNITAUTLIARTULAd N uNzdaalinisiaau

anuzlagiuveaniasinsaniugdninein s1 luds sa Tialdlasfinisiansan

AL993 2 FlALA Rppwhae Reog WEHIUADIUTANaRAUAST

1. 51 Tuduusniduasdnnisfiansanves Rpuw \Jundnlag
- gwnndefwidianivdewindua TU liasaausiiu
- fmndnfiandesndt TU udliideuaniugdaquulud
antugd 52 deludumeuiszuveziiuinisduinat Susuvennanisal
(Accumulating time)
2. 52. ludnusiifinsnefinnsanawes Ry aglng
- fwnflAniigein TU %30 accumulating time fif1anndn
CFN Tideuanuzagulud 1
- grwndlentosndn TU uannnnimsewindu TL wazanild
felaitAu PN Tasiiogluaniuzidy
- Fndientesndt TL wasaanfilddaldiAu cFN Tideu
anuzilagiulud s3 %aLﬂuamuzqmﬁwammmsﬂmmwﬁﬁ
3. 53 lugnusiarinnsanA1wes Regg 1ag
- #1 accumulating time 11nn31 CEN Tidaulusa S1
- undA1desnI1 TCOG wag accumulating time waanin
vidowiiu CFN Tfasannugtlagiuiiduvdaiy
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- 1wndA1NgeIvIewiniu TCOG wag accumulating time
Wesnimsewindu CFN Tideuantustagiului s4 Fudu
anuznlaIAnnIsaudu
Azulandanassuniausyinaulsasaintazdielaen1siansuian
4 a & YR A v =~ v a X & 4 &
Maesvesifisuiuannsalaadnlagniseuililaenisduasiintuideions
A aosHUM LUl UM UAINUATDIALELNTDUVDITLULLIANNNNUA

3.4 n'75‘45’@751:7'7wuq@é’@wuazg@é’@waa"ﬁﬁé"’vnﬂs‘

Y

NEOFOUSTEUY

A33gladin1sdnaninuInden Nsasagateys agn1siuaAIULUY
msnageu duduldlunsmegeussuunisnsadunisay WewSsudisunaves
Asldnaoseuwanuuiidnsiuidsonuiiiinsldmedanisadanasaen
wuvaesliuavanuiinead

3.4.1 N1SVQFNIWLIAAON

fieladannandediBadunisvesiesilddmiunaaey  Ingfivue
syegveniiuil 1 weswazanseenlulunuiseduaton vaziisisnioves
uywdmssegluseosdl 15893 was daiundsdananiaalndidssiu
mAfemhanlddmiuiisuiisuuasiivanzauiozioaunisiadeulnives
$19n18 Taslamznsmsaduanuzyesienisvasfiasiinnsduldidusg1ed
Faguil 3-8 ()
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0
(n) ()
JUN 3-8 (1) M3Inneiuniaasgunsaifuniniasmunveday

Y

(v) HAn1anN1saue 8 NAneanasinsyiinisdnaeuiveasnsyateyanadey

wanniiiteaiianinulasaduninnaNNIINAaoUNITANAIVB I
ananadnsidlafinisdansuuysessuninuaudfsessunsauliiduegned
FalATuUS U IWLINAL TN TAUAATUAIN WA 3-9

2" l U dl Y o U o ¥
E‘LJ“V] 3-9 AnBEANLUIEIesSUNlddmsun1sinassnsau

2

3.4.2 N19960YQIONATINSUNGFDOU

9 Y

Adglaasnsyanaaeuszuulagldoratadasdiuig 5 au ieasiengs
nageu tnswlsoanilu 2 nguAe nguilinnsdy waznquitinnslduideues
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Liifanisau vinnsdnaeanisaulu 8 firmadagun 3-8 (v) lnefiudazauagii
A15AUNIBLULLD LI LULABERANINEIUIU 5 ASIAISIUALLDEARNINITIN 3-1

M1399 3-1 Seazdenvasyateyadmiuldlunmeass

CHGRGHE LWAl daugs au Laid
1 Y 178 40 40
2 VAN 167 40 40
3 U8 160 40 40
4 AN 153 40 40
5 U8 150 40 40
3 400

3.4.3 gULLUUﬁ'M%’Uﬂﬁ@%@ﬁ@U

'
a

drwnsugunuunsvegeunigidelaliauaulaaunsaduunlalu 3
yunasiarelui

3.4.3.1 fuvasanugndeslunssiuunmanisaiduviolsidu unis
fiszuvazannsasmunliinnisadeulnuuulafenisdunieliduiodndu
i Tndn Ay issuniignuiulslasmaiadiiaueiurhaulfuduguiisde
wnlsuiumaiasuivuausdount vuiseildnanisnaaeulagld 3
FaaTadndaylawn AIAIUGNABY = Accuracy,  dsINIIMIEAULAQN =
Sensitivity Wag dnsn1sneaulagn = Specificity Tunsiuseuiieu

3.4.3.2 §ruvasaaiildlunisnavaussdenisduluudaziianig ns
35&15151‘112’@13'1%’1ﬁmﬁuﬂiaﬁﬁm%mwmmmsmuauawaqszuuﬁmmiam’m’fu
nsaulufianisesnsdudisneiu FedminszuvaIunsensi1asun1sdunin
wiwlm’%ﬁé'guﬂhEJﬁaﬂﬁQé’uﬁulﬁ%’umﬂhamﬁalé’mm%amm%ul,vhﬁ?u n19
naaeuluyuesiarldngunanismnaeuvasndeyaiifnauuy true positive
(Wafouiduldgnaey) uldiiovnsuTeuisuluusazimaiadfiinausl’
NOUNI
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3.4.3.3 fuvasarililunisneusussdenisduiiinainuanseny
NNITUNIIUNTBNIFAIAY NsnaaeuUIsuTisuBnudiinauedady
nseuigunInNIsniuvursenIsiiuiinananiTnouaueIN1In I Ul
astfigeiinale dunneauiusiiiansdudunansemuresnisunds
wruvdemsiduintuiinailedsasilidannsonntunisduldey ns
naaeuiarsuunlneldnduyadoyadiinauuy true positive (Winiouirduld
gnées) Tasusnidumnnisal 2 manisaifie naudifinanszyuvesuvunionis
fradudntuszrinaiansduuaznguiiinnisdulasfusunionisfudulyl
Aetuszrinainnsdy
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UNN 4 wan1sna@asad

4.1 waﬂﬁ@n@ﬁ@umqugﬂ@?@deﬂ')%‘ﬁﬁuunmqnﬁaaf
dunsoludy

nsNAaRREINSIUSeULiBuUSEaNSY8IN1SUINa e uLYRYtn 2 AR
waz 3 ffuldnsadunisdulaevinisidendiegisanddefidenduiunuly
uiazgULuLriinvesndesveulundiiinisldiiaesndnuas oo siasuilenii
Ussananaludanesty fewnuiteiiaeauuuturieiiBnisasatulusluuuid
msBeuiieulungudeyaiivionlilunndnvavesiiamsnisdy

A1919 4-1 WAASNANISATIITUNITANYBINADIVDULYALUUEDINR WU
msudadouitldduluvasiiinnisduEn) axialunsdififirnisdusanaing

NABY AUSUNANITATI9IANLA LIAAN1 AN slaRanatatuduluaAn uluy
AANATAUAUTNALAAN LN UK (FP)

M1391 4-1 nan1svegeuANNgNAesdmTuITenldinallandesveaulunuuy

RN
R o | undeyaneseuiilidy | yadeyaneaeuiidu
NANNNITAU  — "

J1UIU TN FP J1UIU TP FN

R 25 20 5 25 25 1 0
WA 25 20 5 25 8 17
e 25 2 23 25 25 | 0

YN 25 4 21 25 25 | 0
RN 25 2 23 25 25 | 0
w1 25 1 24 25 25 1 0
nasgY 25 20 5 25 25 | 0
NAIVN 25 20 5 25 25 1 0
374 200 89 111 | 200 | 183 | 17
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SUN 4-1 (1) wWAAINANITANYDIAIAUNLNANIIDBNIINAINAD

Y

(V) WEAANINSIULAIVDIFIAULNANIWREINATUALN

&

wiiuledluguil 4-1 (n) wansiisguisvesndesveuniidusiinuuy
aoelintuarlilanunsonanslddednvarveinisauadld mszdesiinvei
ndesdwihlinsusuiiounisduesiinausaitldiinnsdutuluvariisanioves
oranadinsladuadluusuiuiiunds Tuvasiinm () wandliduinlumgnsali
sramelatinnsTiudalunsdudrmseidswaduntinty wmadanisldndes
YouLALUUdRiATaziinsus nieuininnsdutudadunisuduioudls
ALY

A1579 62 LAPINANTIASIITUNITAUTBINE DIV ULIARUUAINTR T
a1unsaviinsInunmgniseivean1sduliiued19f naveInIsVnanIuans

Usingitnavedan FP uaz FN agludiuiuidniiosintu
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A5 4-2 HamIvedeuANLgnABdmIuINAdeltinallanaesraulunluy
GRFRD

R .| undeyaveseuiilid | yadeyanaseuiidu
NANNITAN  [— ;

9w | TN FP [ d7wau | TP | FN
R 25 24 1 25 24 | 1
WA 25 24 1 25 23 | 2
e 25 24 1 25 23 | 2
Y 25 25 0 25 23 | 2
RN 25 25 0 25 24 | 1
w1 25 24 1 25 23 | 2
naYe 25 24 1 25 23 | 2
WAV 25 24 1 25 24 1
374 200 194 6 200 | 187 | 13

ANFINVRINS IMATANSIENaR W ULALU UL AR I9E U aLansla
LUUFLUR A 4-2 91N NuERIAERAE 99 Ann AT URTIRiAN 0B84
s19neeanandInasd tngly Front View avwiulainmnldnassveuiwniuy
aosdinasiiulainldannsavenianusiuriasls

(Camera’s sight) (Rotated Joint Points)

Front View Top View Virtual Side View

JUN 4-2 nmianen1sldanunaasveuluniuuianig

d1mSunIm Top View wanen1sauluyuteuuLNgs S99suandliiiu
DunATANITATINABIVBUAKUUNANINNLNITVYUNGUINTINEE AN
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Toglunuisrunudainiuyuuesueindas (Camera’s sight) Fauanadunguyn
Andes Geuselevtivesmavuivgvinliannsomndemeuunuuuiianisld
avandudauandlulunseudideaduandlunim Vitual Side View awiftuin
usnaNnaBvBUIATIIaUBLEIzTindoswauadTih it ausiunsesgn
augnansnasmeliidudfivefidtudmiufinnsunsdudnie

A15NT 4-3 HamMInedgeUANLgNABIdmIuIIdeNldinalianaeveuln LUy
AN

R o | yndeyaneseuitlidy | yadeyanaaeuiidu
NANNNITAU  — "

J1UIU TN FP J1UIU TP FN
Wi 25 25 0 25 25 | 0
WA 25 25 0 25 23 | 2
e 25 24 1 25 25 | 0
Ty 25 24 1 25 25 | 0
Wi 25 25 0 25 25 | 0
TATaLiaty 25 24 1 25 25 | 0
nasde 25 25 0 25 25 | 0
WAIYN 25 25 0 25 23 | 2
394 200 197 3 200 | 196 | 4

M1 4-3  WAAINANITATINTUNITAUYDINABIVOULUALUUTANIY
anusavitnisdwunnsaulalueg19iideuiotnnuan1snaaauLuy FP uaz
FN fiendesun dunaaslveinsiieuiisuandululivesnsandululealy
NIATIRIUNTAUNGRVDUUATAVHAYNUARIIUANTIN 4-4 WaggUT 4-3

= = = ' aa & Y v ]
M15°99 4-4 nansTeuiisuatvensaindululalunisnsradunisduvedus
avylinveINaRIvaULYN
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2DBB 3DBB DBB
TP MeANNAAY 183 187 196
mMegn . .
TN yelidunalyidy 111 194 197
_ FP medunalaidy 89 6 3
Mein .
FN  glidunaay 17 13 il

200 ~

180
160
140
120
100
80
60
40
20

TP

JUT 4-3 uanans niansn1siuTeueuaA1veInsl

H2DBB
L13DBB

mDBB

TN

Adululalunisnsiadunisay

FP

FN

d‘ dl ! R U 1
M50 4-5 wAzIUN 4-4 LaASAIAINNDNABIYBINITNTIATUTDIAAL
gllavainaesvauin wiuldinnalianisldnaesveuwaiuuassdfviainiy
gneaslasinani 73.50% luvneiA1AINgNABIVBINABITRULUAKUUALTALAE

naeweulwakuUialidgelndifiesiu uwinallanadeifideliganinandes

7 3%
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M1541 4-5 UaR9AIAINNONABIVBINTTATITUVBIUFRY I TATBINGDIVRULYR
Approaches | Accuracy (%) | Sensitivity (%) | Specificity (%)

2DBB 73.50 91.50 55.50
3DBB 95.25 93.50 97.00
DBB 98.25 98.01 98.50

9575 QQ")'-. 93 50 98 01 97 GG Q98 50
: 1. . "
w00 9150
73.5
80 A M 2DBB
60 43DBB
EDBB
40 ~
20 A
0 T T T
Accuracy Sensitivity Specificity

JUN 4-4 uanan s USEUIEUAIANNYNABIVBINGBIVBULYIRTI 3 LUY

4.2 WanN1sNaaouUdIUuL1aIfilFluN1s6a0 UaUOIEoNIS
Suluueiazfirmng

NUATBTLAIATIZINNITADUAUDIA DNITAUVDINADIVBULUAWAALYTIA
lnouandlunnsed 4-6 uasgul 4-5 FaNuIIaIn1sneuAuBIRdeYeINges
YOULALUUARIRBYTN 0.972 Fuil adlengeniunaianisidndesveuiuaiuy

aa a dl a = a = o %
AUNARATWUUTANIN 0.790 W9 wag 0.759 Iufinuansu
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M13NN 4-6 NaNITUTBUTBUNATLTEN150 YN TAUVBIVDINABIVDULYALLS

azviln
Fall detection frame and
CASE Response time (second)
2DBB 3DBB DBB
Front/Backward 31.69 23.65 22.13
direction (1.056 s.) (0.788 s.) (0.737 s.)
26.67 23.76 23.41
Other directions
(0.889 s.) (0.792 s.) (0.780 s.)
29.18 23.70 22.77
Average
(0.972 s.) (0.790 s.) (0.759 s.)
1.2 " 1056 R
- 0.889 290
0.8 - ' ' W 2DBB
0.6 A 4 3DBB
EDBB
0.4 -
0.2 -
O T T T
Front/Backward Other directions Average
direction
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—— HWRano(2DBB)

6 = DHWRatio(DBB)

(2DBB: .
Front View)

(DBB:
5@ Virtual Side View)
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Detection frame and
CASE Response time (second)
2DBB 3DBB DBB
Arm/Leg 35.82 36.18 22.50
swings (1.194 s)) (1.206 s.) (0.750 s.)
27.29 23.12 23.17
None
(0.909 s.) (0.770 s.) (0.772 s.)
31.55 29.65 22.83
Average
(1.051 s.) (0.988 s.) (0.761 s.)
1.4 -/1 194 1.206
1.2 4 1.051 938
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0.8 - 4 3DBB
0.6 - E DBB
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0.2
0
Arm/Leg swings None Average
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(3DBB:
Top View)

= WDLength(3DEB)

(30BB: N (3DBB:
Top View) - Top View)
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Abstract— Falls are significant public health problem. In the
last few years, several researches based on computer vision
system have been developed to detect a person who has fallen to
the ground. This paper presents a novel fall detection technique
namely the directional bounding box (DBB) to detect a falls event
especially a situation of fall direction paralleling the line of
camera’s sight. The DBB is constructed with perspective side
view transformation of depth information. Moreover, a new
aspect ratio namely the center of gravity point (COG) is proposed
to monitor human movement. The proposed technique was
evaluated with the video data set gathering from a RGB-D
sensor. The experimental result of the proposed technique was
better both accuracy and response times than previous works.

Keywords—Fall Detection; Depth image; Bounding box;
Center of mass; Aspect ratio

I. INTRODUCTION

In the present moment, falls are the major causes (the main
courses or a leading cause) of fatal injury (affecting the elderly
who live alone) for elderly citizen who living alone in the
residence all around the world.

The impact of falls leads to the severe physical injuries
including traumatic brain. In a particular report of World
Health Organization (WHO) [1], it has been revealed that the
third cause of chronic disability is falls. Both intrinsic and
extrinsic factors are the main risk factors for falls which falling
rate in elderly over than 65 years is around 28-35 % per year
[2]. Especially, the number of older Thai citizens has been
growing rapidly which the estimation report of the National
Statistical Office [3] revealed that the rating of elderly
population will be increased from 11.9% in 2010 up to 25.1%
within 2030.

The increasing of elderly is not just impact to increase the
costs of the related health care, but the problem of standby staff
has also occurred. The consequences of falls among elderly are
common and often devastating problem. The effects of the fall
are sometimes numerous leading to the death especially the
rapid treatment of medical staffs and treatment facilities were
inefficient and ineffective. The aforementioned problem leads
to academic research and product development on fall
detection and prediction which save many human lives. A fall
detection system can be assistive device to alert to medical
staffs when a human fallen.

In the past few years, much research on the topic of fall
detection was being widely conducted. The proposed method
can be categorized into three types: wearable sensor, image

vision and fusion/ambient [4]. Wearable sensor-based have

used the portable sensor such as accelerometer and gyroscope
sensor to detect the body movement. These devices were
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attached on significant joint points of body. Although the
detection accuracy was high, it had some disadvantages in case
of elderly often forgot to wear and it was uncomfortable in
daily life. [5]. Vision based is the most favorite approach of
researcher to monitor and detect fall. They analyzed event via
the body shapes from video streaming by using image
processing method [6].The third method in [7] showed the
combination of multi device sensors for detection fall. Hence,
the computation time and cost were high.

Bounding box has been widely used in several key aspects
of computer vision to monitor human movement. The box can
be categorized into two general classes onto the 2D and 3D
frame systems. Several numerical data are extracted from these
virtual boxes. Firstly, the 2D data description is obtained from
general camera. Human physical appearances as height and
width are considered as ratio-based feature. Researcher in [8]
presented the embedded vision-based system to increased
speed and reduced the power consumption by using FPGA.
They detected fall event through considering the value of HW
ratio when value was less than threshold value. HW ratio in [9]
was the main feature in their system that wused
Omni-camera. To detect fall, they combined the personal
information to adjust the individual of threshold each person.
In [10], they processed with visual data from CCTV and audio
data. HW ratio was evaluated to reach final fall event by using
Hidden Markov Model. Research as in [11] used HW ratio and
the reverse one features from bounding box in various type of
private video picture. They applied Dynamic Time Warping
(DTW) to separates fall event. The study in [12] extracted HW
ratio from projection the subtractive image. They classified the
kind ratio by using Gaussian Mixture Model (GMM) and
applied with FSM to detect fall.

The 3D bounding box is gathered from RGB-D camera.
The depth information of RGB-D sensors is represented in z-
axis of 3D frame system of box. The key of depth information
is benefit for improving the quality of bounding box data to
monitor human body movement. This feature appeared in [13,
14], they proposed the WD line length feature from the 3D
bounding box. The value of WD length was the agent of human
fall activity. To detect falling, they computed the velocity of
WD line length combine with height’s value of position head
through rule base algorithm.

Although entire bounding box above are good for detecting
falls of human, but there are drawback in some situation of
each virtual box. The weak point for using 2D bounding box
occurred in case of fall direction parallels the line of camera’s
sight that made the false positive result, because the size of
bounding box cannot represents the shape of the characteristic
of falls correctly. Using 3D bounding box, the cuboids’ size
has been change all the time when people walk or swing their



arms. Their shape sizes are uncertain and high variant. For this
cause, it shows the false negative from the system that cannot
detect when human has fallen down.

The main objective of this research is to propose a
bounding box framework based on computer vision for higher
efficiency of fall detection system. The novel bounding box
called the directional bounding box (DBB) achieves robust
design which the direction of a cloud of 3D joint points
obtained by RGB-D sensor is considered and these points are
mapped using perspective transform. Moreover, this research
proposes a new aspect ratio namely the center of gravity point
(COG) to monitor human movement. Experimental results
show that the DBB provide high performance for accuracy and
speed of fall detection.

The paper is organized as follows. Section 2 gives an
overview of fundamental concepts of three frameworks of the
bounding box. An outline of the proposed algorithm is
described in section 3. Section 4 presents experimental results
of fall detection based on a wvariety of bounding box
frameworks. Discussion and briefly conclusion is given in the
last section.

II. THE THEORY OF BOUNDINB BOX

A bounding box also known as a minimum bounding
rectangle (MBR) is a small rectangle containing objects or
human body [10]. Numerical features of human-movement
within a bounding box are extracted and analyzed. Some
criterions were designed among numerical features to
recognize or detect fall events which the position of human
skeleton are changed. The different skeleton positions provide
the different bounding box shape and extracted features.
Moreover, the dimensions of features describing human
movement are various depending on the outline of bounding
box. Now, there are two types of bounding box that are a
rectangle in 2D (see Fig. 1) and a rectangular cuboid in 3D (see
Fig. 2).

A. 2D Bounding Box

Many researchers [8-12] have used 2D axis bounding box
(2DBB) provided by a regular camera to monitor and extract
human-movement features. A regular camera is easy to get
cheap. However, the information subjected by this device is
two dimensional data shown in Fig. 1. The bounding box
attributes as height and width values are projected by the
human body silhouette. Finally, a ratio-based feature of height
and width (see eq.1) is considered to represent human physical
appearances.

—W—

—

Fig. 1. 2D bounding box.

The aspect ratio of a bounding box (HW ratio) is the ratio
of the box's width to the box's height defined as below
equation. The low aspect ratios (height < width) are positively
associated with a risk of fall event. It means that the plane of
human skeleton seem to be parallel to the floor.
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Riw = (1)

HW ratio is effective to trace the different poses of falling
along the sides [8,10-12]. However, some limited view of this
box type is a drawback to indicate positions in real space of
human especially human's fall in a parallel direction to the line
of camera’s sight. In such situation, it is really hard or
impossible to work with a 2D bounding box.

B. 3D Bounding Box

3D bounding box (3DBB) is a box that encloses all the
geometry of 3D objects (see Fig. 2). The depth information of
RGB-D sensors is represented in z-axis of this box type. It is
benefit to detect the depth from motion when a human moves
toward in the line of camera’s sight.

Fig. 2. 3D bounding box.

In this kind of box, a combination of width and depth is
considered to create additional numerical feature as WD
length (see eq.2). WD length is a line presenting a state of
human fallen in depth. The higher WD length is also
associated with a fallen event. It shows that the plane of
human skeleton seem to be close to the floor.

WD = VW?Z + D2 )

WD length is more sensitive to noise induced by body
movement. Arm or leg swings often enhance some noise to the
length of WD line which leads to false negative result of
detection.  Therefore, some additional features are the
alternative option of researchers which data speed is one of
them. Velocity analysis of WD length and the box's height are
used to trace the fallen state [13,14].

C. Directional Bouding Box

The contribution of this research is the directional
bounding box (DBB) designed to break down the drawback of
2D/3D bounding box by applying the direction of human fall
to redefine a new bounding box. The numerical features
extracted from this bounding box type are flexible and
efficient to decide the human state of fall or non-fall. The
concept of DBB will be described in details below.

The main concept of this research is to create the virtual
bounding box at side view of human. The fall direction
gathered from RGB-D sensor is essential for generating virtual
view from arbitrary perspectives.

1. The falls can be traced actually from the angle between
body parts. Firstly, to create the human body vector (see Fig.
3). Two joint points of head (Jointyeqq) and hip
(Jointyipcenter) are used to generate a body vector U = (Xg, Zp)
which XQ = Xhead - Xhip and ZQ = Zhead - Zhip~ U 1is
considered as tangent vector presenting the direction of the
fall. The vector projection of U onto xz-plane is also known as



vector V. The angle theta () between two vectors U and V is
given by equation (3) as below.

Y¢
JOlntH'e;"'d'

Jointyiseenter|

Fig. 3. Main body vector.

v
6 = arccos (”U””V”) 3)

The theta is used as detector to monitor the starting point
of falls when its value is less than the threshold.

2. To determine the quadrant of a human body vector. The
quadrant describes four zones of the coordinate plane. The
zone information is a usage for calculating the angle of the
rotation of main body vector. The rotation angle (y) is
specified as the following criteria.

(0 if(Xy,<0)and (Z, = 0)
. —180 _if (Xo > 0)and (Z, = 0) @)
—a; if (Zg>0)
@ if (Zy <0)

Fig. 4. Diagram for calculating therotational angle
in each the quadrantof vector U.

3. To rotate all joint points of human skeleton around the
COG [15]

Firstly, to define a rotation matrix
dimensional space that rotate vector
W =V x*R,(y).

(see eq. 5) in 3
V by y which

cos(y) 0 sin(y)
] )

Ry(y)z[ 0 1 0
—sin(y) 0 cos(y)

Then, a matrix R, (y) is applied to rotate all joint points of
body around the COG point instead of foot as pivoting point
which the matrix composition of such transformation in
homogeneous space is given by the following matrix (6).

1 0 0 0 cos(y) 0 sin(y) 0

| o 1 0 0 0 1 0 0
ReocWM) =| 0 1 0 |[[-siny) o cos(y) 0 ©)

—Xco¢  ~Ycoe TZcoG 1 0 0 0 1

Pr; =P * Rcog(y);i = 1,...,n where P, = (x,,y,,2;,1) is the i*"
joint point and Pr, = (xr, yr,, zr;, 1) is the i*" rotated joint point.
The COG point is denoted by (xcos Ycog Zcog) and n
represents the joint points number including head hip and
COG points.

4. To locate the DBB. All joint points have been rotated
onto virtual side view, then a rectangle namely "directional
bounding box", which cover all points but excludes hand,
wrist and elbow joint points. It is defined by considering only
x and y coordinates of the top-right and bottom-left position
(see Fig.5).

(©

Fig. 5. Overview of the DBB extractor, (a) The position of sensor and human
in real world coordinate, (b) All joint points are rotated around the COG and
(c) DBB.

The main feature of this bounding box is DHW ratio. It can

be calculated as (7)

Rpuw = 2 (7)

bw
III. THE PROPOSED APPROACH

This part is to describe a process sequence of fall detection
algorithm which is based on DBB (see a diagram in Fig. 6).

i i Joint Point
1) Joint Point|_loin Om: 2) DBB Extractor

Provider
4RGB-D data I 1 I
Rofated I oG I I DBB I
Joint Point
L
Device sensor v v

3) DBB Analyzer
Human Movement

Fig. 6. Fall detection system framework.

1. Joint Point Provider

An RGB-D sensor such as the Microsoft Kinect providing
the depth information is used to produce joint points of human
skeleton. This sensor device can return the twenty tracked joint
points information. Set of all points is considered and analyzed
in the process of DDB extractor.

2. DBB Extractor

The main process is to define the bounding box through
virtual side view of human body by considering the direction
of falls. Then, all rotated joint points in framework of DDB

are passed along to the next process.

3. DBB Analyzer

Numerical features are extracted from DDB as follows:



3.1 Aspect ratios of DHW and COG

The main feature of proposed algorithm is DHW ratio
(Rpyw) which is ratio of DW to DH as described in section II.
Moreover, this research proposes a new aspect ratio namely
COG ratio (R¢pg) to support DHW ratio in monitoring of
human movement. This feature is calculated from the rotated
joint points and COG of the DBB. The equation of COG ratio
is given by eq. 8.

Dcog
Hcog

®)

Rcog =

The COG is a geometric property of any object specifying
a status of the balance [16]. For a human body to balance, we
have to have the center of gravity directly above the base of
support (BOS) which is area between feet touch on the ground
(see Fig. 7 (a)). P; is intersection point of a line drawn down
to the ground from the COG and Hgy is the length of such
line.

The COG of a human body sometimes may be located
outside the base of support (see Fig.7 (b)). In this situation, it
generates a distance namely Dgoswhich is a measure of how
far a P; point has travelled from its Pgys point (the rightmost
point of BOS). The high aspect ratios (Hgoc<Dcog) are
positively associated with a risk of fall event.

+-Gravity

T
z Tcac

Fig. 7. The position of COG in difference situation on DBB .

3.2 Detection Algorithm

To choose appropriate parameters for fall detection
algorithm is more important. Thus, the parameters of proposed
algorithm are set up from the training set selection. In the
training set, we can get the time and speed at the end of human
fall. Frame Count is defined as the number of frames elapsed
from the first frame of fall situation which the frame number
was 51 and the times of falling bodies were 1.7 sec. This
research is to focus on the completion time of fall because we
prefer to detect fall at the early state (before to be in "lying
down") with very good accuracy.

In the training section, four appropriate parameter values
of algorithm used as decision criterion were discovered as
below.

1. The critical frame number was 22 frames or 0.73 second
of falling body time.

2. The upper bound of DHW ratio (TU) was 3.20

3. The lower bound of DHW ratio (TL) was 1.38

4. The threshold of COG ratio (TCOG) was 0.27.

A finite state machine diagram of the detection algorithm
consisting for 4 major states as S1, S2, S3 and S4 is shown in
Fig. 8 (a). S1 describe a state of the regular acting of human as
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running, walking and standing. In finite state machine, the
machine is in only one state at a time. Thus, it will move from
state S1 to state S2 when the Ry, is a range [TU TL]. The
machine will be shifted to next state (S3) when the Rpyy, is
less than TL (see Fig. 8 (b)). The final state is S4 which
satisfies the criteria of human fall. Ry is applied to detect
whether human falls or not. If Ry is greater than TCOG (see
Fig. 8 (¢)) and the time travelling along states is in the critical
frame number range, the current machine will be located at the
final state (S4)).

Ryyw>TU a Rosmw b
@] 3 (b)
2
S1
TU *
Rpw= TU or TimeOut S2
TimeOut 0L ‘L
<TU,>TL 53
Ry = — P Frames
Critical Frame Number Threshold
Rcoc
e ()
TNy /
R ;3 TCOG and Timeln TCOG] A
| —
~ P Frames
Critical Frame Number Threshold

Fig. 8. The finite state machine diagram of detection algorithm.

IV. EXPERIMENTAL AND RESULT

We tested our proposed methods with unseen moving
image sequence. The sequence was classified into two
categories which consists of fall and non-fall image sequence.
Experimental results were compared with the results from the
literatures. 2DBB and 3DBB environment has been used for
this experiment. Details of related content for experimental
implementation describe as follows:

A. Environment

We placed a Microsoft Kinect sensor from the side of
testing room at one meter height from ground level. Distance
between Kinect sensor and human should be 1.5 to 3 meters.
This position is similar to the existing works that we will
compare the results with [8][13]. In addition, this position is
suitable and convenient for collecting and tracing the
movement of human body, especially in case of human is
starting to fall. In other words, if the position of Kinect sensor
is too high, the some joint points data of human body will be
disappeared from the sensor. Sensor will collect only head or
top part of body. Then, we will be able to calculate or predict
of the falling.

B. Datasets

We have tested with the datasets from five volunteers.
Collecting data were classified into two subgroups, fall and
non-fall classes. Movement in each class consisted of eight
moving directions which were moving backward, backward-
left, backward-right, forward, forward-left, forward-right,
sideway-left and sideway-right. The samples acted five times
in each direction. Then, total of moving data, used in this
experiment, are 400 movements/patterns.



C. Performance measurement

The performance of the system was measured by confusion
matrix. Then, accuracy performance values including accuracy
(9), specificity (10) and sensitivity (11) were computed in
order to compare the accuracy performance with the existing
algorithms in the literature, detailed in Fig. 9 [17]. This
confusion matrix represents the instances of predicted and
actual classes. As mention above, fall and non-fall classes
were considering in this research. Therefore, evaluation was
categorized into four possibilities. Moreover, response times
of the system were used for measuring performance in term of
the detecting times.

PREDICTED
(System)

NEG POS
(NonFall) | (Fall)

®| @)
®|©)

Fig. 9. Confusion Matrix

NEG

ACTUAL | (NonFall)

(Ground Truth)

POS
(Fall)

TP+TN

Accuracy = TP+TN+FP+FN ©)
True Negative Rate (Specificity) = T;ivFP (10)
True Positive Rate(Sensitivity) = % (11)

D. Results

We compared the result of our proposed with two existing
approaches in [8] and [13]. The existing approaches used
2D/3D bounding box for acquiring the learning and testing
features. In [8] used 2DBB for creating HW ratio of human
body and the system alarmed when the ratio value was less
than one. On the other hand, in [13] used WD length creating
from 3DBB. The proposed system checked the alarm point
when the velocity of WD length reached the given threshold
value. As described in Section 4.3, accuracy performance and
response time of detection have been used for evaluating the
proposed method with two existing approaches.

D.1 Accuracy performance

Accuracy performance comparing between proposed
methods, DBB with two existing methods, 2DBB and 3DBB,
was illustrated in TABLE 1.

TABLE 1.The efficiency each approach.

Accuracy Specificity Recall

Approaches 10) an 12)
2DBB 73.75 55.62 91.87
3DBB 95.31 97.5 93.12
DBB 98.43 98.75 98.12

The percentage accuracy of HW ratio from 2DBB was the
lowest comparing with the others. It was at 73.75%. Accuracy
ratio from the 2DBB was low because it provided on 2D-plane
data. In other word, there is non-fall data from HW ratio.
Then, false positive detection was occurred when the
volunteer slope their body in the direction of side away
left/right and front left/right from the sensor. The percentage
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of sensitivity is decreased by the direction of fall in the fall
dataset that slope out from the camera sensor. It makes the
value of HW ratio is always not less than value one.

The percentage accuracy of WD length from 3DBB was at
95.31%. The value was higher than 2D bounding box because
this technique created 3D coordinate data. Therefore, it was
able to detect fall in any direction. But, there were some
drawback in some situations of arm swinging or leg walking
movement. These movements affected directly to the value of
WD length because the shape of 3D bounding box features
were changed any time, not only depend on slope of main
body. Then, false negative was happened when the
movements compensate the velocity value of WD length.

Accuracy performance of the proposed method, called
DHW ratio from DBB, was up to 98.43%. This type of
bounding box endured with any fall direction and movements
because the value of DHW ratio corresponds with the shape of
human movement in real vision.

D.2 Response times

The response times of fall detection is another factor which
we should concern. Shorter response time is better system. In
other word, we can easily to help elderly people in case that
some incidents are happening to them. Streaming data used in
the proposed system were collected from the Microsoft Kinect
sensor at frame rate at 30 frames per second. We selected test
set from true positive results for comparing the detection
response time. The measurements of response time each
approach was shown in Table 2.

TABLE 2.Falling detection frame and Response time for
detecting falling directions

Falling detection frame and Response time (s)
CASE
2DBB 3DBB DBB
Front/Backward 31.69 23.65 22.13
direction (1.056 s.) (0.788 s.) (0.737 s.)
Other directions 26.67 23.76 23.41
(0.889 s.) (0.792 s.) (0.780 s.)

Table 2 showed image frame and response time in
detecting falling people. From TP values, we calculated an
average of detecting frame and response time. We found that
our proposed method detected the front/backward direction at
frame 22.13 or 0.737s. In other word, experimental results
showed that our proposed method was the fastest in detecting
falling direction of human body. In the others directions, our
proposed method provided an optimal response times. It was
better than the 3DBB algorithm.

TABLE 3.Detection frame and Response time for detecting
Arm/Leg swings

Detection frame and Response time (s)
CASE
2DBB 3DBB DBB
Arm/Leg 35.82 36.18 22.50
swings (1.194 s.) (1.206 s.) (0.750 s.)
None 27.29 23.12 23.17
(0.909 s.) (0.770 s.) (0.772 s.)

In case of Arm/Leg swings, detection frame and response
time were illustrated in Table 3. If the human were swing their
legs and arms, our proposed algorithm provided a significant




results. It was about 0.444s. and 0.456s. which is faster than
the 2DBB and 3DBB algorithm, respectively.

Fig. 10 has shown the trend value of three features of all
bounding box. Fig. 10 (a). depicted the stability of DHW ratio
that reaches to the threshold value before HW ratio. For Fig. 10
(b)), WD length takes up to high value even though the falls
have not been occurred.

—— HWRatic
—— DHWRaiio
= WDLength

B
ZHARAGECITERRRECERITE

(b)

Fig. 10. (a) Graph depicts three feature when human will fall.
(b) Graph depicts three feature when the human walk or swing arms.

Because DHW ratio has a stable value, to add feature to
improve detection is comfortable way. We integrated the COG
of body with DHW ratio feature to detect falls. This technique
can improve the responds time shorter for detection at DHW
ratio is 1.38. For this reason, our proposed method is run faster
than others in the literatures.

To track human during falling by using DBB technique
was illustrated in Fig. 11. In Fig.11 (a) presented the human
movement from front view of the vision sensor. In Fig.11 (b)
depicted the top view of falling that presented all rotated joint
points in yellow color. Fig.11 (c) revealed DBB and COG that
presented the starting falling state. Both features provided the
correct answer for detecting falling of human body.

(b)

Fig. 11. (a) Front view of falling, (b) Top view of falling. (c) DBB and COG

V. CONCLUSION AND FUTUREWORK

Nowadays, effect of high growing rate on elderly
population is an important issue. People life is longer than the
past. Then, living problem of elderly people should be
concerned. Significant problem of elderly people is falling.
Hence, it is important to do a research for detecting of falling
in early stage or starting to fall. In this paper, we have
presented the DBB for improving the efficacy of fall detection
system.  The previous works have applied the 2D/3D
bounding box to their research, but there are the weak points
in limit of perspective view and some movements. Those
reasons could make some noise of signal value then decreased
the accuracy of detection. DBB is created based on the
direction of body fall with 3D coordinate data. This operation
is simple and takes a little computation time. The new
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bounding box is brought to generate the DHW ratio and COG
ratio features.

The result of our experiment shows the real time fall
detection system. Our approach is faster and more accuracy
than the others works. Our bounding box provided the stable
features and suitable for monitoring in early state of fall.
Moreover, it doesn’t have to use any filter with data signal that
can reduce the computation time. After this work, we intend to
focus on the others fall environments.
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