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ABSTRACT

This research applied image processing and computer vision techniques to
contribute three essential perspectives; modeling profile-based human action recognition,
people tracking and re-identification, interesting event detection. The interesting event
detection consists of falling, hand-waving for asking help, and jumping. This approach is
based on overlapped area of interest using multi-view RGB-D. All functions are purposed
for health care promotions and surveillance system applications. The action recognition
consists of high level and feature level fusion. In high level, the results of action in single-
view system are fused for making decision using empirical analysis to weight the most
realizable result to be a result of multi-view system. The maximum improvement for some
action is up to 97.70% and overall result increases to 16.66% (percentage point) when
compared with single-view action recognition. Another in feature level fusion, we proposed
a method to build Layer Feature Model that allows to fuse features of depth from multi-
view. The experimental results of fusion model are 86.40% in NW-UCLA dataset,
93.00% in i3DPost dataset, and 99.31% in PSU dataset. In addition, we introduce people
tracking and people re-identification by using analysis of position and color descriptor. The
position and color descriptor are clearly attributes for both tracking in a single-view and
matching those views. Moreover, the color descriptor is also used for supporting cursory
people re-identification. The precisions of people re-identification are 92.87% in single
person entering and 85.50% when 2-person simultaneously entering. In the interesting
event detection, falling detection resulted in the average precision of 90.65% that derived
from precision of lying. The average of hand-waving detection precision is 92.96%. The

jumping detection has sensitivity rate 92.96% and specificity rate 99.31%.

KEYWORDS : Computer vision, Recognition, Human action, Multi-view, Layer, RGB-D
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ulug 90.65% mumsiivnmaluvuey wazludurasmsasasumsluniiaiitons
ANNTIELWAD lagandamaienzrlaseeaesnysdnnmuangluduidn g 88
winghmsanaduldlasndenivue 92.969% wazludruaasnsnstlan Feardens
AN MINNITUTUTBIT IR adauLaTImLaas TUssansmwamumanyhly

M5HIULAURIUYNNUY 94.44% LATAIANNNINELAHRILYINY 99.31%
(%3 4
1.2 mqﬂsgmﬂ

1.2.1 W3 emalinmsiensiinmeaessyeduazmsfomuuasimyanalay
l¥ayamwiuazanudnnnranayuues

1.2.2 iawannuuudassmsihiudayennvareyunadlumsdivims
1.3 9nNegnneIvag

Yo 1 < { P
1.3.1 ﬂ"l‘sgﬂﬂlﬂ']'ﬂ"lﬂajntsﬁutsﬁa{ﬂ)']wLaaﬁua&'ﬂ']wa']ﬂﬂﬂﬂaﬂLﬂﬂ) (Inertial—

sensor and Singleview-vision Action Recognition )

aauatl 2010 MUATEAIUMIIIIIMARNIUBENABLHBY waziinisihaualuns
TFnusunsguagihe TaswwzaddaiaguanaziihssNggee1y Msieseimma
whandunundealumsasadauihsedy mngdnssununduszAaundluiiadsziriu
Tumsldnunna iy enududriudmuazanuazainzasmsliinuasiudadsdraaly

=l v dd’ L4 =Y ] c} v ld’l:l d’ ] tgll aa
mstdanldnumaluladidasiansanadedoiy Tuldddicuanil (2018) #3535 2
ABmanan 9 Alaihausdmiunsihmmedamsldnudumas wazmsldmansiiu
NNNAD
Yo 1 < P & . v v @ ' v

M3HMmMenInEugesanuiEes (Inertial - Sensor) lagnldiuageniteeang
asnniamneidn Aunasnue deanlded swludsmsdenuamvseaglugunsal

& ' U g a v a ¢ < P & X v
wnwdu 9 wu Insdwidiatie wwmadanse: laggunsaliduwasanuiasiiazlfiiy
arnlagsindsznaulidrs nsusnenuedaulvng wuInIsvyy aeIaLEuY
Accelerometers, Gyroscopes Wudu %QfﬂﬂﬁﬁmgaﬁhuaﬁﬂE]Qﬂﬁl,ﬂaauﬁ R}ﬂﬁ’ﬂﬁj ANUS
LazANNLIYBIYARaTIMasdamuaIag unnuislidumainainsomuldla [5-7]
Insdwvidiadia [8-11] uazuvinaandes [12] tNaddhmeidenuuandreny Tuung
Mg lauiuldwmsninmsnsiasurmmeniaUnfiaghaudy NsaN [13-15] wSa518NY

& a a a a v < ¢ a P Av v ) ]
dgousnalnduaziiaund [16] Tumsnaclddumasuniwssimneandudon aaels
< (d‘ Q' .&{ a o ] U £y = [~ 4 o % v
wumasnundsaulfaluduviaie 9 aasdryansiutudadrinalunslinureg
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LAULTDINNNIRDY ‘ﬁQINﬂgﬂjﬂﬂﬂgiﬁquchﬁ Luﬂqg\nﬂ@laﬁ(ﬂﬂLﬁul‘ﬁaﬁLLaV@]ﬂﬂﬁm PNASM
1ﬁtﬁﬂﬂﬂulﬂazﬂjﬂau18LLazﬂiﬂNﬁﬂﬂ”nﬂJu

Py a < 4 ¢ v A Y o J
mwdsenaun 1-1 ﬂ’ﬁ(ﬂﬂL"Zﬂ!L‘ZfE]ﬁLLa’JE‘]]‘lJﬂimﬂUU‘ﬂﬂaﬂﬂﬂﬂﬂ’ﬁgﬁnﬂﬁ‘ﬂﬁﬂ [5]

dvsumsldmaiiansnadtiutivasnmne lodvainviaenuive aanuiulun

u

mslédayennnassimifsiuasnaranaes

TumslFnundasdidmiinudsensn q dwidldmunsusasiliasd (Feature
Representation)  baun msudasiliaasiiudacdauazlasenszgn (Joint-based/skeleton-
based), M3udasiiainiusnuazmsndaulmvsamslue (Motion/flow-based), N5
LLamﬁ?\Ima%ﬁtﬂuﬂ%mmwaﬁmqﬁﬁuﬁuﬁﬁuﬁuﬁuaznm (Space-time Volume-based),
waz Mauaasiiaasluguuuueein3a (Grid-based)

= < L% '

(n) m‘suamwmaﬁﬂumamauaz'l-,mansz@ﬂ (Joint-based/skeleton-

& o o 1 @ v
based) stdunisfivuanuansazyatlassainnugiuseanyed laald
FILNUNYDITDADUIBLATNTUFIUNAN G J2DINY e LuNITUEnNINIg
£ ] ] v vV 1 | 1 d‘d [ =
MBENEY TayavaadaLard U JNivaessauInHiaaslng (Posture)
[17], NGBS Fisher 1agld Quads Skeleton [18], FayalFNNUNLAZIA
(Spatial-temporal) 2899868270 mHOG [19], Lie Vector Space PNLATITN
wuunIzgn 3 A@ (3D Skeleton) [20], M3AaMNLFUMNLAADUNNNNUNT LN
asuwlas (Invariance Space Trajectories Tracking) laeld 15 dade [21],
n5INANNDYBY Bag of Skeleton Codewords [22], UByaLdUNNLARBUNYBY
Tasesuuunszgn 3 8@ (3D Skeleton) [23], Wiaaslwa (Posture) 3101ATY
INUVUNIEQNUastaas 3 86 [24], Tasssnuvunszgnlagld HMMs e
dunadungnuatsuazgymeld [25] waawszasiresiasiuuuiased
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FV
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mwdsenaun 1-2 Mednilnesludnvusyasdadauazlasenszgn (18]

[20]
(%) arsuamaltaasiiluanvaznisiadauluinianisiva
(Motion/flow-based ) Wusnsazraaliaasilossiy lasldanwuzns

waaulm (Motion) wiamslwa (Flow) aadraseilaaiszinnii laun
HwadvealszSavassinasmstaaaulm (Motion History Volume) 71la
LﬂaliluLL‘lJaQ [26], Local Descriptor mmﬁumqm'ﬁmﬁ:aulmwm Optical-flow
[27], Lé?umqmsm?;aulmsiaﬂ 929 KLT Motion-based [28], Divergence-
Curl-Shear Descriptor [29], WiaesuuunaN2ae Contour WAL Optical-flow
[30], Useidwasmsiaanulm (History of Motion) &z Optical-flow [31],
WLaa‘E?gmaqmsmﬁlaulm (Motion) wagszeu [32], Wiwaslusiaaiu
WaIuFzENIaINsIe AUl (Accumulated Motion Energy) [33], Wsz&ia
waﬁa;ﬂal,%qﬁuﬁl,l,aznmmﬂ Motion Descriptor [34], W3985 Motion way
Optical-flow-based 78Uy Markov Random Field dhuiumsrnadiuii
9nuUALN [35] 3§msm&hﬁ%bjé’aqmimiauﬁuwé’qﬁgﬂé’auu\iuz‘hmﬂ (e
%mw%auﬁ'uﬁaa&aﬁlnimﬁ F9gaal#38m W38 Descriptor  tileazidan

A0S
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mwusenaui 1-3 @edHaes Motion History Volume Tuansazms

&
AR LM [26]

(A) m‘suamwma‘smﬂuﬂsmm'ﬂmm faunusiuiuiivazna

(Space-time  Volume-based) Lﬂumsaswme‘imaqﬁfﬂuqmaqm sUI4

(%
=1

vIanuin legazlddranavilraawsy tNanazasuuudasy iy Waes

BaNuNuazIa2e9 Silhouettes AN Shape History Volume [36], Wiansids

1
=l

&’ c: U a a 1 P [ = 4
wumtaznmﬂmqmauummqL'smﬂmmmﬂﬂ'smmﬂmmumnu [37], Wiaas

De
R-

a

BN UNUAEIA 893U 19N 3D Point Cloud [38], V\ILaasmwaﬁﬂmqmn
#uAUaz1I1289 3D Binary Cube [39], Wapdiuiiuaznaitlit/aauldam
mswqu’[umuﬁa (Affine-invariant) [40], Hiaad B uiuazames Micro
Volume Tagls Binary Silhouette [41], ﬁuﬁl,%ﬁ’m (Integral Volume) 28428V
femeudiu  (Visual-hul) wardseidunslSinasmsiedeuluas  (Motion
History Volume) [42], ﬂ%mmﬁﬁé’ﬂwmmdu (Saliency Volume) 370

avdUsznauraseNNEN, & wazywn [43] lagdiSnmswanilazlaantedayanil

u

1 1
=l

PRl LE]EIGWIEN uagastan nuiayailasniinanefifuasanalyg Feag
NAIANNUN U LU SUEN NI NYDIAUBANNINNUNA Lﬁﬂiﬁlﬁuwﬁqﬁagaﬁ

1 d' I
UL

Space-time Shape [36] Micro-volume [41]
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(1) mmam?\lmaﬂugﬂtmmmn?m (Grid-based) azumsus
a A & Y A va o J a . =
mnmmﬂumqﬂﬂamQaaaauhaﬂumaa (Cell), 090 (Grid) vSaudan
(Block) %ﬁﬁ]tﬁugﬂﬂﬁ’mﬁ’]LW‘]%‘ZJEN‘IQ_IIE);;‘IE] samm%’a;ﬂa mmmuﬁagmmﬂmi
wiaiimsmeanwaziou B luwaasiiui (Encode) aenaisuy Wiaasnsavains v
azaummﬁc%qgﬂ‘inﬁmﬁau (Histogram Oriented of Rectangular) [44], 6

adugguansnzYaIMslua (Flow Descriptor) 1INYASUUNIALENNAIELLAET

4 1
< =

FUNUSHAUNUNUSEIN)  (Spatial-temporal Small Cells) [45], n5IWdze
ANDYB Local Binary Pattern Tuuinn3e [46], n303UdnasNua9 Optical -
flow [47], M58519Wa85 Codewords d195UNSINFLTNAININD LTS Gradients
(Histogram Oriented of Gradient) w8z Optical-flow [48], 9@ 3D Miaula
(Interest Point) MeluntNaNBaIz2I0 [49], ANFLFNANNDVDING
1PdU L1289 Gradients [50], N55INNUVBIUTEIAN5LAFBU LYY (Motion
History), Local Binary Pattern wazdwSunTIWazaNANMNIB Gradients [51]
ac 1 g = L v v o 1] L4 %

TagAsmsmaniiazianugudaulunsaiwuuinaaliinn waaaswaninnu
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Mwdsenaui 1-5 Medieisluuunania [44]

wananil TuagtuldfimaiimsiEeudizedn (Deep Leamning) anl#lumsibous
aaimwea 9 Fldnmeaniihiismstupuilfuasaunivmeiiomsihasiiuouiu
1 (Visual-based Recognition) tilasanmsBeaudidednazainsadeuiiaasitldmn
SAVRHG M Tagldmsaeddusuee (Hierarchically Layers) "E'!Nmm'immu%ay‘awm



Wwasdaszaud gnienududouldsdndaludd  FAinwidefnedesiumsia
Mmennmsilanumu FfidegniuidenldnsEeuiigaaniivedhmmazay s
a9l M3Uszendl#u Convolutional Neural Network AUZBNaMWENNTALUULANGY waz
WaasanBunNIuedayar v (Pose Dictionary Features) [52], M338UIMNNYBETU
ﬁmnmwmawquuaﬂmw Convolutional Neural Network FI8AU Long Short Term
Y o 1 v 3 v o (‘N‘ 1 ‘N‘
memory [53], M3IFNMNMNNAIBYNNBINE Autoencoder dnFuiiaasiluideulyma
NNNDY (View-invariant Feature) [54] W
] < a o Ya v Y v d‘ a 1% v v o 4
agalsnamunuidezesgivelaniulunmsihsudeyaluszauiiaesainvans
yuwasloglfuvuiassiiaivaulaams JedsirdudaddizmaGeuiuuudaiais
e Fefianulunsdszananaiisnaiiinnmnes vl e uidefiiiung

USTNIBHALUUNUIN

1.3.2 M3zamennmsihdudayaszauganvagnuxed (Multi-view
High-Level Fusion for Action Recognition)
1umi'17\h°8’ui|”aaga°lusz€fuﬁmaumﬂwmﬂqwaqﬁ?u msshvhmeasidumsihdayes
mMasurashmaniiadadula Fuihwmin Sasenuihdeisuasdmasuanmsing
@i’maﬂuyuumlﬁmdw g FenuITeang MLA. Naiel uazame [55] ldihauamsiha

[ °

ayaluszaumaauloald PCA 2 6 (2DPCA) waznearest neighbor tiNa3mmaluua

e

¢ qu A a ' ' .. . .
asynney Nnuuldmaiianmslmaloadesdiulvg  (Majority Voting Technique) lag

aqmuiwhmqLwiazu‘uumﬁmmaamé’mﬁu‘[@ﬂﬁlﬂmmmum%’ml&' nazuuulviig

Liduiinala szuvazidanmsaadulazasyussfiimenuiionaezasmshineiagy

=t

‘ﬁ&!ﬂ wazIUIBBe A. losifidis wazAE [56] Lo lEnsimaavmennidesdiulval
(Majority Voting Technique) NNVIaNEHNNNDY SIUNU Bayesian Framework Lﬁaif&’]ﬁ’m’m
NnvaEyNNed logldliaasunureduuuuzaei (Posture Prototype Map) ﬁ?}qﬁ'm%'aga
018 Self-organizing Map Lﬁaiﬁwﬁwquiuguumﬁm%mﬁ’u Traditional Neural Network
(TNN) ﬂ'auﬁ"nﬁmaumﬂmiﬁmmﬁmau“luaguumtﬁmshq ﬂm?\la%’uﬁ'agai:ﬁugqmn

LGREE RN

1.3.3 n1’5§'§11¢im1w1ﬂmi‘17xl'rﬁ'mi”aadaszﬁ'u?\lma{mﬂﬁmmgumq (Multi-view

Feature-Level Fusion for Action Recognition)

Al Y o 1 S 4 ' d' 4 d‘d v
LLN'J']ﬂ']‘JET‘TWI'WI'NQ']ﬂWL‘JB?LL‘U‘UGI'N G]Qﬂﬂaguuauﬂm%’lwmawﬂwaaums LLGﬂ,‘N
mszihmmelumsldnuasa azdesianunumudensiasuulasssdayaluGes
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YDINNNDIAIUEN ﬁﬁﬂﬁaﬁumwwmm@ﬁ LLaza}muaqmiaﬂﬁy@ﬂﬁm s lUdamsians
futapmn du Fauruduzasyaaaviiamagauatis, mamedayamwunduandssuniu
warmslausnaidunamsalldanniu %ﬁﬂﬁiﬁiwmmqmﬂwmaqwaq%mmsnuﬂq
Uszanmadimennmasaineuuhassnnmsihiudayaluyuneesin qaasiliaesly
INHMZUDN 2 N6 uaz3 NG

dmsudetemadedld 2 §6 1dud maunudeyadeuuuiessyuduuuiaiees
Banay [57], Bag of Visual-words Iﬂﬂi%@ﬂﬁmauhL%qﬁuﬁuaxnmém%’uLm‘uahaaq
(58], m'il,mu‘*ﬂasgaﬁw Masks 82 Movements wawimw?ﬂnil,l,ﬂsLﬂﬁﬂulﬂmwuuaq
[59], Wiaa35 R-transform [60], ﬁuﬁwaﬁ\lmaﬁﬂﬂéwuguﬁﬁm PCA [61], AMANYME
Lawmaﬁ\lLaa‘fsxé'w%mmwmf [62], mMsnuiuanNNazaNANNE Optical Flow (@
Bag of Interest Point Word [63], Contour-based LLa¢ Uniform Local Binary Pattern [64],
mslgiasnaasuuuueig Keyposes Learning [65] Wiaaslas9za4 Contours ﬁgﬂamﬁa
2e3daya [66], Wiapsunursrasinmalaglgnisiesnsiain LDA uunweesinean

NaNeyNNBY [67]

’ ®
& O
-, L 4 @,
r, 2 &

MwUsENaun 1-6 MPENNIRBLUY 2D Nadnuuuiassaswyudlasldawasn

wanalaenaumun leannsuseanaa Voxel [57]

dwSudetiennuisenls 3 96 Tmﬂﬁuuuﬁwamﬁaqﬂﬂagna%fw?yiuﬂlmi
(Reconstruction) viasanwuliuiaadlva dadlu 3 46 PANIYRNNDY DENLTY
Hirasiszlinvoq Bag of Spatial-Temporal Descriptor W% Part-based ﬁmmiﬁﬂuiuuu
Induced Multi-task [68], HosnuassnsBaiuiuaznangiesuaiues ﬂﬁgﬂa'ﬁmﬂl"i
wa? [69], Wasanuemeedanuzasguiudnaluialaainia [70], Wiaas Circular
FFT ain Convex Shape [71], Wiaas Bag of Multiple Temporal Self-similarities [72],
#1299 Circular Shift Invariance of DFT :nmstaaaulm [73] #9amsiilanananinegu
Y aza%m,mua‘haaqifagaL%ﬂﬁuﬁuaxnm (Temporal -spatial) AeunsaazLiyANy

wiuen FaztivaanNgnaaslumsid uaaslinnududounivusnngay
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3D Geometric parts [69] Multi-view 3D MoCap & SSMs [72]

MwUsznaud 1-7 MeeenITenaiuuuaessaanysduuy 3D [69] [72]

A aAg

1.3.4 maufSsuiaunuandaedauniunis3anIne (Comparison of Action

Recognition Research)

1 1
o

c: o =) ) 4 J v v 1 a v :ﬂl
NAMTNN 1-1 NN IUIBUNIUTILA UL DA DHYDILA LN UISNLABILLUDY

Yo 1 = (9 = v [ o A a A < 4
nnmsdimme lesfuvssiegrudedasnumshluldouais Taglumsldnuduees

4

& v = a o v v P2 d' [ v [ t::d'
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k< = v L
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v Y [ = °
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1629 1EN A BIN NN BYNN DN BLEINANNTUNTITING 15U ﬂﬁiNBQLﬁuHNNBQﬁﬂ’QjN
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17, vanaendaymmMszadayennEsunIu
anﬂmmlaqﬁﬁﬁmmﬁﬂ@ﬁw:dauﬁwﬁﬂszﬁw%mw LHANINLUUTIBINANN

ufaunioy LuummtﬂumumﬂumsmLﬂmmsnmm Luaqmﬂﬂl%mwmmaﬂuaw

e

1]
Ua A |

AMFINURDY 9 LTU mmﬂmwﬂummimwmmﬂs suuld wazanunuMuBaNsEeuT
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ABUTNNG vidalitaan warlidasmsmsaauiaumuaandadlumsdaad (Calibration)

TS Y =

%QLLﬁdeﬂm@"ﬁmzﬁlﬁnﬁmamﬁaLﬁaﬁ%wﬁm&awamquum WANADINNIS
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16] ALY
RGB vision-based [17] | Hae- Uae- Upe- Uae- | LN Taisd
[21] [25-51] [74- unan | unan | Uy U
76][78] Gas Gas
Depth-based Single- pe- pe- ves- | Wueg | laidl 1w
View [4] [18-20] [22- | thuna | hunan | Lhu ALY NaN-
24] [78] Gas &
RGB/Depth-based vps- | dew- | vew- |Wued | Ll | Bued
Multi-View [57-73] thunan | hunan | Uu ALY ALY
naN
113983 - Depth-based | Uu lu a9 Fudau | laid &
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e lilaldgedayanasavgaideniu nuiTeresgiveaznadauuazaaiulunisns
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smmmwummmumaguuamﬂaauuﬂmlﬂ LLE]%ENUS%N'J'G‘]Nﬁ)tﬂ’i’]%ﬁ“ﬂ’]“ﬂ’]ﬁlﬂ 63

MmN 1-2 mawSeuisuiuvnBedunidumsihmmeiuguesanysgannms

<
NNLYU

ANINANNUNUE (%)

gy (XO}1] i IN] NN Uau ARNY
P.
Chawalitsittikul 98.00 93.00 94.10 98.00 95.78
wazAe [4]
N. Noorit L8
99.41 80.65 89.26 94.35 100.0 92.73
AR [T4]
M. Ahmad ag
- 89.00 85.00 100.0 91.00 91.25
AL [75]
C. H. Chuang
- 92.40 97.60 95.40 - 95.80
LazAE [76]
G. 1. Parisi g
96.67 90.00 83.33 - 86.67 89.17
A [T7]
N. Sawant e
91.85 96.14 85.03 - - 91.01
AL [78]
muwawﬁ%’a 99.31 98.59 92.72 90.65 95.32
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1.3.5 msaﬂmm‘i’aqﬂﬂamnwmmymaq (Multi-view People Tracking)

mafemuuazannayaealudifisdgegraniisluszuuihssTagandazen

v
o =

MhnuReNuMTIeNiLasfaamunginssngaanysd Zuliayanaiiiananluuinn

D-

N3UUMSIATIER A 9EINITRAMVULALTUBNGILYUNY BIBBI3zHN1SVUIY

1
addaY v [

dundaludeild Zanmsdamuaiyanaluuisnuiseasldauasuisniinduade

U

a

UWW3¥aI8 17U Kalman Filtering, Particle Filtering mﬂs::qﬂmﬂ%’lumimﬂmmazﬁmm
dumisnasyana lunazidandunidesnlssandldtunauisfiasiiahduniiie
AamuuasNINemLnNgaIyAAalagRNz
%%ﬂumsa@muLtazv‘hmﬂ@hl,mﬁmamﬂﬂaﬁsl%ﬁy’umauiﬁﬁLﬂwmﬂmmquuaq
wy sinalimsiudaadnvazuasyanaiidanadastusswiayuues sawludamsléada
dunmismasyananndoyalumuiidviadoyamsnedumiaeindasdine g tiveiiay
ugnuezyAAaa imasdamaag Tasaansouiszanassmsdamuiungulngld
2 Uszam e (1) Usstaniilimsiaauaandas (Calibrated Camera) (2) Usziandilails
MIIAMVBINSBINIBNTLINLAEDMLUNG (Uncalibrated Camera)
Tumiddelssanilldnnsindiasndasinaslédays sD uasmanedunia
(3D Information and Alignment) (Hudiayalunisfiamu Tgazdasiinsziiumsiigas
‘vm‘umsaﬂé’?qné'aqswﬂwqmmmfiau (Prior Calibration) %3aduUUTIADIEINAAIIN
mslvdaya w%aﬁi?umauw%aqﬂmtﬁﬁ%ﬁm Calibrate fau FenidsaUszianiaziinny
numudadMwuIadaxnlumsinuaaudgs wadasuananarsanndutauluns
USeHIaNAWAAPINAS Calibrate SEUUADUNIN MIBENNLEY Fleuret waz@amue [79] o
1LdUa  Probabilistic Occupancy Map (POM) Lﬁaﬂszzmms‘htmﬁmmqﬂﬂamﬂ
wuuhassduazanuedaulm Tagliunauds Viterbi, Zhao uwazani [80] l4l¥naaa-
1a3lavagiuiens193uyAAaly Ground Plane  Projection Gi835uasagesIAE)
(Rapid Skimming) Tagyaaaazgnaamalundaudenaslddayagzuie sudnual uasamy
wandnfuzasiuiiiueg Mntuasgnivglufauuasdu qlasldisnmsuamuiumes
ground-based Tuﬁagatﬁqﬁuﬁl,l,aztaaw, Mittal uazagiz [81] ldthiaua M, Tracker (e
aﬂmuqﬂﬂaﬁaﬂ%m 1iu Tesuuuiassyaealosd anuihazilunnenuguazens
A9 %!mﬂ%'mﬂmwmh%t,ﬂuﬂmﬁmﬂﬂaawumiuﬁu (Ground Plane) #il@arnmsm
mwﬁuﬁuﬁﬁ’uwam@lumuﬁaﬁlﬁmﬂmmaamé’mﬁuwamﬁu Epipolar
NuTelszanibildnmsiaavasnsaivianseynlaosalus® (Uncalibrated

Camera) Nnazldmsiugnuzasiliaasnaanndaeiussninganes Msugiuvisiag

U

YDIYNNDINNNABY GIDENHY Mufioz-Salinas udzAmz [82] LA l# Evidential Particle
Filter MUudiuaensvas Bayesian Particle Filters iy Dempster—Shafer Theory %qgﬂﬂ%'u
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312N Evidential Filter tWaMIuaudaya lumsiaauiiyanannratayuues 1ndaye
v A Y = v [ [ U 1
nuihiduaiyana (Foreground) & uas3us, Hu uazamiz [83] laldmsdudsenin
ware uanasmamsmenilulildnasnadasnuzasuuuiiaasnnumiisuiuyeg
Hiwosununan (Principle Axis), Chang wazane [84] lal#Ismsinvaneiiaasluns
faemy lawn Epipolar Geometry, Homography, Landmark, @373g3 wazd tNamanu
danpaesnulurateyunadlasly Bayesian Modality Fusion 48t Naive Bayes, Khan Waz
Aaiz [85] lalENMIAUMYBUDN Field of View LiNameanuduwusluyaundatdn quag

YANILAEINU
1.4 YBUWAYAINITIAY

1.4.1 @RmWzMneNugIuzesnyed 5 1 laun mstiu /7 msdy n9n

MSON LATMITUDU

]
=1

1.4.2 manaassasyiluamwiiadaumaluaimsignaivan lagldyuuaan

v v o Yy A A v oA
ﬁauﬂUﬂuﬂaQﬂaaﬁﬂaguﬁﬂU‘ﬂ
I

1.4.3 dayamhiniwnziasiudayamwduazanudniiiy
1.4.4 utiulyimsfamudyanameyananasmsznmmnme

1.5 Uszlaminaainazlasu

1.5.1 awsoihlddszgndlaluszsuuSnwmanudasads agieny 092930
W ANTINNEAUNG waztiansalene 9
1.5.2 ansnhlluszandlalussuuguadiugunin agagu szuuguatthszis

ngmqismlﬂa LLﬂSQWUﬁWHﬂ’]iéQLﬂ%NE’!ﬂﬂWW
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uni 2
NOHYUALVANMT

2.1 nszvaumsuszananauludumys (Pre-processing)

nssuMsUszananauluzudu (Pre-processing) azanzaImsuulammwany
anannaes  asnmwannanilamnaraasivguilaiidaiaudn waziaianm
wlsUsruluvrsusnanduinuinbdn aadranudyanasuniuindouaswinlng 39
o & v Y [ Y . . P2 o Y v '
dudaeldinsasdyannuuuisegiu (Median Filter) iauSulpmwluaudunau
N3TUIUNMINTINIUYAAINNMIIUMWAEIU L FenasnmasTumuiedauluinaziie
dUANATUNUULUUNGNINNLIANNANNLUTUIUNTAMFIEBIANNANTINTTUIUNTIY

2 ] o a & < X [ Y £ o < 4 ¥
muadaulm liaansowvviassusnauudunuvasluvasula Jsdndudasls
NITUIUMINNEUFIUINEN (Morphological Processing) LWBAUSTUNIULYEI

2.1.1 MINIANdYAIUUUUNDFIY (Median Filter)

MNINF AN UUUUNTHFIY [86] suflusnsasifianuainsanliduananmn
wastipanduanmsuniu vianandadiu Smoothing Filter F9ldnszuiumsmasdniite
USumfinmaliiienunudsutiues Taeiiitugnannnddsepy gadumsmaaanii
2gNINANYBINGNFILAY HuAD MterdnueTmilaaziimannnidisegiu uazn
Asanilasiiadasnhemisegu fetau museguves 1, 3, 3, 5, 7, 12 #a 4 (lu
nsdidiuiinug maluinud sisepuasiiueaiiagasmnaanad)

ToguunAnuasainsasdanauuuasegvasinnulnaidesnuainsasdanuuuy
Auade Feasliimsinanudariiniasou qu%nmﬁﬁwé’qﬂszmawmﬁaamﬂéaﬂﬁmq
nanawazsau il nddeety udfnsesdyanauuuisey ashalufingaiidinses
ﬁwé’qﬁmimmL'%mﬁuuﬁaﬁ"nmﬁagiﬁ!maw?;l,mu o WALTAONNANEINM TN ANDLF I
Fasnsasazily 1D wis 2D A8 Fauaasieghdimahaurasinsasdamwisenaui
2-1 ey 2-2

126 | 128 | 125 | 129 | 130

124123 - 124 ] 145

118 | 111 | 118 | 122 | 134

Pixel Values (sorted) : 123 124 149
Median Value : 124 (Replace in Center)

Mwlsznauin 2-1 §IBENMITNINUANAINTNFYAUUUUNSEFIY 1D
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123 | 124 | 131 | 129 | 126

12611281 125]1129] 130

1241123 - 1251 145

118111118122 ] 134

110 | 115|114 | 123 | 125

Pixel Values (sorted) : 111 118 122 123 125 125 128 129 149
Median Value : 125 (Replace in Center)

Mwlsznaui 2-2 GIPENMITNINUABNAINTNFYANUUUUNSEFIY 2D

2.1.2 nszmum‘smﬂﬁ'mgmﬁwmwmmw (Morphological Image Processing)

NIZTUIUMINNEUFIUIN  [87] azi%LﬂuﬂszuauﬂwiﬁazLﬂ?;ﬂuu,ﬂmgﬂi'ww'%a
Tassa$zasinglunin Tastawzasndsduingiidumwanmduuuluu Tosd
HDyaMWAITU Woe Structuring Element ¥3a Kemel 71 annssyhAumadagiuinen wu
MINANTBUNMW (Erosion), MIWanmMW (Dilation), MIUamMW (Opening), MIAMN
(Closing), M35¥IALHABUALATY (Skeletonization) (HuAu Lﬁﬂiﬁlé’gﬂéwﬂwmaﬁmqiu

MNEOINADINST eaeeN luMwlsznaun 2-3

(") <) (@) Q) Q)

@)

MWU5znaUN 2-3 AIBENMIIINIULBINITZUIUMINNFUFIUINENYDINN

(MMNAUAUY (2)MNNHIUMTAANTBUMN (A)MWNEIUMSWANMN () MNNHIUMNS

Wamw MWNEUMIaeMW (R)MwnumMsh limaaualass

Falaendn qudd 2ziinszuIumIRUTIU 2 NTLUIUMT Aa MIFANTBUMN
(Erosion), M35Wanmw (Dilation) Fsazthludsznauiiiunszinumsauala Taamsiile
MW (Opening) zUsenaulUalre MIAANTBUMN LEIMINAIY NSNANMNNANFIAU
Imawaé’wﬁa:ﬁﬂﬁdwﬁﬁ'auﬁ'uﬁﬁwmmﬁﬂgﬂﬁ‘Jmaaﬂ é‘hs‘umuwmmﬁﬂﬁlﬂuwmﬂlﬂ,
dIUNMIRAMN (Closing) zUsznauludia MIwanmMw uaIaINaI NISNANTBUNIN
i Tasnaansasilicuiumguiiusasiifimnadngnilaas

TagluuiseatuilldidanlfiannznsiansaunIn (Erosion), NSNDNAW
(Dilation) Usznaufuiatulyguiessinquazandesumulumw  Tasavuaild
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aadlsznau 2 athe @a mwamduuuluns uas Structuring Element %38 Kernel 71 3N
nszﬁwﬁumﬁmgm%wmLmumsum (Hit) wazmswad (Fit)

4 Kernel azfifuluindum3ndidaunadig 10U MNNITADAUUY WININABINS
ﬂszﬁwﬁui’mqiumwﬁﬁwuwﬂmjﬁé’aﬂ%mﬁﬂﬁwumimjmmMé”mLLasz%ﬂ?‘f%ﬁﬁh
ﬁﬂﬂuﬁﬁhqﬁ'umumsaamwun'f'\'laTﬁlﬁwaé’wa’mﬁmgm%mwaqmwmuﬁmmi L3
Rectangular Kernel, Cross-shaped Kernel, Elliptical Kernel Wudu aualaeely
mwdsznaud 2-4

11 o|1]o0 olo|1]o]o0
11 111 tftf1f1]1
o|1]o0 tftf1f1]1
11111
olo|1]o]o0

Q) () Q)

MWUsznaun 2-4 A8 NYBY Kernel MNEUFIUINEIDININ

(n) Rectangular kernel 2x2 (%) Cross-shaped Kernel 3x3 (@) Elliptical kernel 5x5

Famsenfiumstansaummn (Erosion), M3WanmMw (Dilation) 34U 511 Kernel
lﬂﬁ'uﬁ’umwé'?m@i@ﬂ Origin FBUULAIYNAMSANTAINMSUa: (Hit) vsanswed (Fit)
Iu@mﬁu 7lLe3aUaI392EU Kemel lUmaamniias 1 ANEaauganeeuanuesmu uad
suussialwilosdausn 1 finua uivheuuudni llaummnanmmw

Tmﬂﬁy’umauwmmswaﬂmw (Dilation) azl#nsuas (Hit) Lﬁatﬂumseial,aumw
Famsuaz Aamsfimsih Kemel Waausumwluwnd a ﬁ!ﬂiﬂ@ﬂﬂﬁﬁ uannghieiay
1 sasmwluind uay Kemel indausiuiuiisayalaganil dadiaiomsuasdmiums
wanMwhazRNTAN IBINMSABENMW (AN 1) o 00 9NANYDY Kernel MAAMUAY
Famnliunnghilaes 1 rpamunluin uas Kemel NFoununuaeEnInaLTEnIINg

na@ (Miss) Fanazlitnamsaadumn asdadalumwilssnaun 2-5
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X = §Iud Hit
F = daudaain

(n) ()

(@)

MNUsENBUN 2-5 MBENYINSNBNMW (Dilation)

() eMINAIN Miss (2) M3uae Hit (A) maé’wﬁ'qaﬁmwmmﬁwanmw

dUMNANTaUMN  (Erosion) arldmsues (Hit) tivatdumsnaniw Femsuas
=) c: o vV o .:: 1:! v 1T
Aam3siin19ih Kemel lgaununmwluins a galaganiia udrsnngihiiansy 1 vag
Mwluin3 uas Kemel sndaununuiiiesyalaganis Fulafionmsuasdniunsianisy
MWAEAN TN IEIMINNTBUMNW(AN0) & 309598 1NYBY Kernel Titinmsuas &
wmnhimsdauniueeeezaney 1 289 Kemel wazmwluindlunnye asi3aniimswad
(Fit) Fanazlihamsnansaumn wudednumswara (Miss) Nazhifiazlsiiazuiae

AaENNSNANIBUMNATLFA IUMWUTENAUN 2-6

X = duh Hit
E = dunigniansau

f= dufiassnanbigniansau

4 - )
(2) Wannnnams fit

(@)

MNU5ENBUN 2-6 MBENVBINSNANIBUMN (Erosion)

(n) tiaMsuaz Hit (2) HOMINBH Fit (A) HAAWSFATNEYBININANTDUNN
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2.2 1N5ATIAUAINLADAU LK (Motion Detection)

MsasauaNuadaulmlunuileilazlinsaumwesnanuuuinaa N umnae?
NENNEN UL LT Y (Background Subtraction using Mixture of Gaussians Background
Model) Fullutunauidinzusnunasiignuuudassmsimddsunaisdinuannuing
[ [ e} :.:5 [ 1 n}ad t-gl’ o 1
Wuiagiedaulmlumu (Foreground) aanainnusin lagnismsilazuuuiassusas

a PR :.gll [ % [ o g 1 Y A
Wﬂt‘ﬁﬂ“ﬂL‘lJuWLWiENIG]EIﬂTiNﬂNﬂuﬂBﬁﬂiWWﬂ’]iﬂ‘Sﬁ]']ElGl’J‘ZlEN LNIFLIEULNI K 610 Iﬂ“c’l‘ﬂﬂ’l

v

ihmtnyasmsKaniuazunumsdasIunanauy qdaegluan Fenuihaziluyesm
o & v A A A A o ¥ My 4 = 4
FnunasAaddeniinsh liagldunuauuasasiinniiy

TAgUUIAINANTNAUYBINITASITIUANNLATBU LMILUUNITAUAINBBAAN
wuuaasnunas lagaziinmsinuuuiiassasmnwiiumnaaald (Background) tiiadiinsy
Ay o 2 . = o o A v 4 g v
N9 4N150539UANNLAFBULYWY (Motion Frame) Hazianauiy MwWNuna aanazle
amhndudrunienuedaulv saiuasemadalumwlssnaun 2-7

= a v Y o ac o &I v t:l 4
Iﬂﬁlﬁ\l‘ﬁa'lﬂﬁ'lu'ﬁ]ﬂlﬂu'lLﬂua’]ﬁﬂ’]iﬂlaﬁ LUUAIINNINNUTIDN Vlﬁ']ﬂ\l’]’iﬂl,l,ﬂﬂiy‘l/i’]

a9 qle Wy pwiunasniensdudeu mwiuvasninswasuudaslanaragiuuy

]
=]

msulasuwlasasusuiiniaguninlusy wassiagiiwdaulmluaw mliazesge

9

anlunuuiassmwinuvaaasuulaely

2 '.
2N | Proud g W = 4

»/;‘tn ‘8 .'_a)/?.ol

- Vil IR <L .
Adw Y A

s o - ; » =
'k, L »
BN ,

Motion Frame - Background Model = Foreground

mwdsznauin 2-7 é’haehmmmﬁummmﬁaulmuuumsaumwaaﬂmn RITEAGRN

WU

TaeA98289 Graimson U8z Stauffer [88] [89]  lesgdisuldihauanisad
wuusassmwikundslundaziinalasmsiivars K 2aensiinsnszanadauuuind
Faulaad k ¥nasiisruiudl 3-5 62 tilesansiufinimaaasn I wikunasnaInnse
wWasuulaslédnared Tasindideuiidsduasgnanydliunuddidedu  du

WNHeasahvtnasmskENzuudad ueaInaNdraNuag luan
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Tagudasinigalumnazgniaseeamsuaniuaang K 289n1Wnsnssaedi
& ] I A a P & v 1 P
wuuimdidey laganuihazdunivnwevikiuazdsznaumemasy X, Ana N o
dgunsn (2.1)

p(XN):ZWjU(XN;ej) (2.1)

logh w, As windwaidinhwinzasasdlsznaumdidaun k wazn(x,;0,)
AamszaszaadInuulnfravasdlssnaumddaun K aausounulaoamnaunisn

(2.2)

1 )T S )
U(XN;ej):n(X;Mk’zk):E—ie ? (2.2)
(2m)? |Zk|2

Toan p, Ao MnaN waz Y, =oil da menyulsunureamddaun k

Tagmsnszare s n K asgniedlasinugiuananmenawadn - w, /o,

]
=1

wazmsnszaneimmeuusni B azgnldidunvuiassasiiunadluannlosd B azmen

laaeanmsh (2.3)
b

B=argmin(2wj >T) (2.3)
=

1
~

Tagfiendauis T da mdadiudssiigazasuuuiaasiuvastaiiuanuihazdui
4 P ‘g‘l v o aa A A a = Y o W
tpaige logmsauiunasasgnih Minwaniiadesuwiu 2.5 NnAnssNemaiau

wsni B LLazmSﬂizmﬂﬁmmanﬁL%ﬂuﬁaLLiﬂﬁmqﬁ'uﬁ'ucéhﬁmaamxgnﬁ'wmmiﬂﬂﬂ
dunsn (2.4)

A N+1

W = (1_05)WkN +ap(a, |XN+1)

/&kN+l = (1_05)/AlkN + Pp(Xys1)

sz+l — (1_a)ZkN +p(XN+l_/:\lkN+1)(XN+1_/’1kN+1)T
P :0”7(XN+1;[lkN’zk)

. 1 :if @, =1"match gaussian
Py | Xns1) = X .

0 : otherwise

(2.4)

% P. KadewTraKulPong WUaz@aiz [90] AlaeuansUszgndnsnsIaTuLn,
dndnnnndtefilaasunelinedu ‘[m“l%’mmmu%’mgaLmuﬁuﬁﬂmuﬁﬁ (Chromatic
Color Space) Ingfigasfimsanuuusaswasdiansnsausnszniaudduazasdisznau
apsanuaile Tagldmsidsuiisussnheiineaiililsfundiduasdlsznavuasity
wiadagtiu femuuandansuiduazenuaivaglumidon s asgniinsaniniumn
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mlfuvuasedngniiaualaos T. Horprasert wazAme [91] lagasWaIsannINaes
) ] d' 1 d‘q :24’ L d‘ k%4 ltﬂl Vv =Y
MuNUINAINGI9YDY RGB Nifinwaiuvash (E) , duzasuineansalld (HEH ), MU
Wenzaswid (d) wazadanasrienuain (o) lealimzasinafigninsandu |,
mmstatlenzasanudng Wi a wazmnstodienzaed Wy ¢ ntuuiasIzasiny
waanannsoasmMInalemuanmsh (2.5) wag (2.6)

a=argmin(l-zE)® (2.5)

c=|l -aE| (2.6)

v a o g = ' J =
wasBaNYAFIUIBIMINTENEIMTINaNLUUMFFauluudasasdUssnaud

v 1 d ‘ 4 Lao o 4
5L AndeauuINessu o, 2avesdalssnaui k" asaansaaslinnuad Teen
MIMNUMZAY a wazc lEnsgunIN@asiuuy dot product druapenLzai il
Nunaanmasgniinsanazgnivasaniluwnimasadaulmdiaizes a agmelue

WENLUUN 2.5 wazT<C<1

2.3 msszqﬁ‘hLmﬁwaﬁmqmﬂ’lumw (Object Location)

mMssryiundsrasiaglunmwindudiyaealuniuddeil az05293udryanaan
muadaulmnldannmsaumwasnnnuuuiasdNurasinaNramunaIsmMfLgeuy 29
v sy P ] v o o ' ad
szlamwiididuiedaulm Fazdanhunszyduniswasyanalunn Tasizuasu
Wan 9 Ao N999IITVLBULBNING tWBazlENI503ITULdUYBULEAIFUIININ Freeman
. 2 < v o ' Ay o & Ve ' ' A
Chain Code Ffazladdumisgandansauing nnuuazliismsussnaaiamzdiudn
Wumdsnuazyw alimdagefiddneasing MntuIRazanIanIuguaNtfia o

Tuiinsduzatingld Wy nsaudivasneading, eaudnawaeing, I0EUIENNIAYY

]
=

[ % X < v v @ ] &
908, ANUNITN, ﬂ’J'\Nij\?, wWun Wueau ﬂﬁ@l?ﬂﬂ?ﬁiuﬂWWﬂ‘igﬂﬂUﬂ 2-8

(n) (@) Q) @)

mwusznaun 2-8 MadNaunaugagaINIIYMunigasingmelunn

(@)

(M) Mwauatu (7) 28Up93ng (A) LEPBULEAIFUIIN (Contour) (1) dauiitdunasy
wasyN () AnENUA2D9INY WU NIBUTWALN, 0GUENN, AUGHNNIG, ANNATN,
AN, Wi Wuduy
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2.3.1 M3575233UUBUYBIINY (Edge Detection)

g

Tunideiiazliisnmsnsadurevrasinglas Laplacian [87] Tasumsmaynus

D-

DUAUFDILNDNITATINULBUNILNIYU X 1aE Y wahanNsINAUMNaNmMsh (2.7) dauh

v a

18210 Laplacian azAauinelinnuvinwasdaiay wistieunuisou 9 munindsenaui

2-9

o’ &%
|Lp=y+y (2.7)

() ) Q) Q)

AMwUsEnaun 2-9 MBENMINTINIVYBUYBIINY
() Mwauaty (2) 20u2a4Ingilanisnns Sobel (A) 2BUABIINGNLANNITMS

Canny (1) 28U28930911621n35M3 Laplacian

2.3.2 MNINTINIULEUBBUUEAIFUII (Contour Approximation)

]
o YV

msmaﬁuLﬁuwauﬁuamgﬂ%wwaﬁmq auflumsmiianzainsaunasnsauing
wuula lagasldnsnsraduidueauuandgusNain Freeman Chain Code [92] Feazifu
mimﬁﬂmmamaﬂuﬁ'mqﬁﬂ@ 6'?}05%159‘1’1Lmﬂmaué’uﬂauLLam;sﬂ%Nﬁ%uaﬂﬂu
gﬂtmwmgmﬁﬂu@é’uﬁu X,y e'z’}qLLameTaaehqmimLﬁuwauuamgﬂiwmn Freeman

Chain Code lumwusznau# (2-10)

CC:1-3-5-4-5-5-5-6-5-7-1-1-8-1-1-2

MWU5naUN 2-10 MIBENMNIATIATULFUYDULEAIFUIININ Freeman Chain Code
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J [ Py~ P
2.3.3 M3dszanadawizdruiilumaanuazyy (Polygon Approximation)

1 ] PR P a v g v & aa

msdsznadiamzduidumdsuuasyalunuideil azldrunauisyes Ramer-
Douglas—Peucker [93] lagzunauizasdiganiuiueesqaludrulainin nlsznauais
adinumnn wluzuusnaunsuisazinssazivamyanlnangansaldisnsauihlinge
WINUazAgAINe Z9azld 2 Segment MMImNEU NnUUlHMSEEEMINAIINGBYAT
Inafigaannidufiannuus Segment (Perpendicular Distance) 31nUWldantdunts Segment
fyeilnangauy uarwhmuuudnluGes Wy Recursive Mn 9 Segment fiuds loadl
d‘ = 1 c: 35 1 c: d' k4 c: 1 A
Raulylunsugade mamszazmefianndageiilnafigannduiiainuie Segment @1
dasnheendasu (&) Wudaulalumsvgamsuia Segment dald Zslauaasaiadieli
Tumwisenaumwdsenaud 2-11

]
=

mwisznauil 2-11 Medmslszinammmzdrunidumdsuuazyy

2.4 3amsnuundssinnuastaya (Classification Method)

2.4.1 Taseheuszamiios (Artificial Neural Network)

mMsUssgndanussuy é’aa’%azﬁuﬂuﬂmmwﬂszﬁuﬁ witslutlui duitaulamnndans
Uszandlassngdssannmediniw lasinidelahasiwazeanuuulasielszanndian
(Artificial Neural Network) [94] iiiafiazufladaymuasyhdea AN UNY B
U M330NFUUUY (Pattern Recognition), M3¥1e (Prediction), MINUuUnUIziANYa
Uaya (Data Classification), M330NGNZBYA (Data Clustering), MNaZaya (Data
Fitting)  (Hudu FaluamdseiiaznanislasewheUszamiianuuuaadu (Traditional
Artificial Neural Network) ﬁﬂizﬂauﬁm Multi-layer Feed Forward (L8% Back-propagation
Learning éW%5U Multi-layer perceptron %ﬂﬁumsﬁauilﬁaﬁﬂﬂi%”lum‘s'«maiﬂgﬂuuu
LLaxmsa‘hLLuﬂﬂizmmaﬁas&aﬁtﬂuﬁma{wﬁqﬁa
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TaglasenadssammedimnazUsenaunle Eaduseamn (Neuron) waziduise
sulszam (Synapse) auiamsianlaetuszuiamaddszam vlvnaaduszuu
Tassthefivhausindy ddaseneldnszuauszamindulnih@enlasszauiy s
MnnuazaiiayasziniuaInsatiuanny aeddszaumsel luaden g lieth
awdildmadeufinlulFflumsiensi  denuviamansiuanunanesasdayai
Snwarlnddaeiy  Flasehsnulszamiianfidsunuueazsassdanmsinuan
TasengUseammazinwauny

Toalassadawaslasuhalszamiiion azUsznaugis Tnput Layer 39ld3uainms
Hougamaaziily Output nTnuaaufld, Hidden Layer iaz1iten Input WMAMNY Weight
(W) 209ufaz6 Wd1hlUsInAUf Neuron #99zdl Bias (1) (Husuiuem  aefiazld
waawsanlvue (h) muaums‘ﬁ (2.8) mﬂﬁ?u%ﬁﬂﬂphu Activation Function Lﬁaﬁum
Thogludniidasms nntiufasdludilvuadaluGas quivhauuuida auluds output
Layer #9aziiludmaauiildann Neuron Network (Laaadingemumwilsznaudi 2-12)
Fanszuaumsiilananandnedusiy 28389 Feed Forward #9aziflumsl#au Neuron
Network Tl¢fimsGauimmnnaund ddsddndadadeuiandau iival#ld ouput iif

ﬂ'J’]ﬂJQﬂ(;IIENLLﬂjuE‘hN’]ﬂﬁE!G]

Cell Body

Dendrite
Synapses

)\ Nucleus

(n) Taseneussannmezinin

Activation Function

‘{; y » Output

Input Hidden

(@) Tasehelssamidieu

muwidsenaud 2-12 laseheadssammetimuuaslaseadssamiiia
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n
h=> wx-u (2.8)

=1
‘[mﬂﬂszmumi{%ﬂuﬁ'waq Neuron Network agl% Back-propagation Learning LiN®
Fauje Weight (W) wazé Bias (u) loaiimsadediadnuasdayas Nivsznauludis nput
waz Target (Ground tooth) filgarnmsdsnansaivdayan hanldaslululasede

NNULRzLNIMANNRaNManauINtivaUTul Rl alulasens Fansoadueiy

JUNBUIFNMWUSLNBUN 2-13

Back-propagation Algorithm

1 NAUAAIEUGLUDY Weight Tagmsguilueiias o
2. LIBNMIDENTDYIUUUFNI 1 @)
5. WWIHA LUMUNTNUUY Feed Forward Lﬁasa@ Ouput §ATNE 11 Output Layer
4. MIUIUAT Error (8F ) T oupue logrli O, = y-
mNaNMI S = g’(hiL)[diu - yiL}
Togf h' unu 5w e MdlUSS wihed ; uaz g’ Fouswusan g Mdlu Activation
Function
5. FIUIUA Delta IMTULBLEDSABUNTNIUTAEMSUNINEY Eror SBUNSUTY
mMNaNms O = g’(hi')ZV\/ij'*lS'j”; forl =(L-1),...,1
i

s.omananiminlaalsd AW =ndly!”* lasfinAamsnimsiFeus

7. lUgadan 2. wdwh#i5ee 9 AN oupu NaaniNzlamuinasa 3

mwidsenaun 2-13 ﬁ'umau’i%mmw%é’auné’uﬁm%’nmsﬁﬂuiﬂm‘[mqﬂwﬂizmmﬁﬂu

2.4.2 TUWBIAINLABTUNUTY (Support Vector Machine)

|

Support Vector Machine [95] Lﬂuﬁy’umauﬁﬁmﬁﬁﬂuiﬂmm’%muuuﬁé’maau%’m&a
(Supervised Machine Learning) ﬁmmsﬂ%’lé’ﬁy’mﬁaﬁLtuﬂﬂszmmm%’ayjauaznﬁ
IAEWNS0000E Iﬂﬂﬁﬁﬂﬁ]xgﬂi‘iﬂuﬂﬁﬁ’]I,Luﬂ‘l_li?.:Lﬂ‘ﬂ‘llEN‘ZIIBHﬂLLaxiﬂi’lgﬂLLUUN’lﬂﬂ’j’l
Tagi8M3289 SVM 4 Plot dayaudazaiadlussunu n {6 Toodi n Husnavesiliaed
NI Hyperplane *?'immsmmﬂﬂajmmaaﬂmﬂﬁ'uathq%’mw Toglawendunsa
(38031 Kernel 614 G]"?;mmzamwiazﬁ’uifagamummifu%’auﬁshqﬁu (%Y Linear,

Sigmoidal, Polynomial, Radial Wudu nazanansouandszanlas Hyperplane &
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Support
@ @ vectors
® e

Mmwisznaui 2-14 dednmsuandayales SVM lu 2 &G

TaaMSaaNANNHNILTFNYBIAIULHUIYDINITIN Hyperplane  UUILABIHDN LA
sansoutsiayaldadidaiay uwasaginnnninasuesdayaiign Plot aalussunulv
wnige laglan15m  Support  Vector N lva135aa1nLdu Hyperplane 4adil Margin

1 4 d' v v t::
senindayainniigasaciadnlumwdsenaun 2-15

AT 7
0 l‘ |
) (]
0?0 s W gl
0000 .1 | | 1
0 o il s
0f .
T
Small Margin

Support Vectors

MwUsenaun 2-15 #I881NNISIAY Margin 2849 Support Vector Machine [95]

2.5 ﬂ?ﬂ

Tundieiimwiidhinzdewhunssriumsussanadaulutudy Lﬁaﬂ§uﬂ§0mw
nau ‘[ﬂﬂﬂluﬁumauummwmwﬁnﬁlé’mma}%ﬁwquﬁlﬂﬁmmwﬁn wazlaiau
wlsUsanluveusnaiduiuiidn qadrefuduanasuniuindawazndnlng 39
Hludesldainsasdyanauuuisagiu Lﬁaﬂ%’uﬂqqmwiuﬁv'uéiuﬁaunismumimm%’u
qﬂﬂamﬂmﬁumwméaulm MIAUMNEBNNNUUUTIADINUNEITIHTNHE UM
Feuuasmatssandmansatuwn dauddaymee g Wy mwikundeifienududou
mwﬁuwé’qﬁﬁmstﬂﬁ'ﬂuuﬂaqlé’iwawgﬂuuu maudsunasasuauiiafaguinanly
tsn mwaﬁmqﬁméaulmiumw 'v‘l’ﬂﬁﬂ'wanmﬁﬁimmm‘hammwﬁuwﬁuﬂ%‘ﬂuuﬂaq
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T Budu ndsnntuaslénszuaumeamedagiuinanaasmn tsaudyanasuniu
unduuazldsunlasguhavielassadieasiaglumw Wamwiiiduiesoulmed
Tumwivazgndufivgruiiiudyaas Aagldmsszydumiaasiagmelunw lagi
duaoundn 4 fa Mmsamadurevessing wsvrldmsamaiuidurauuaassiiieann
Freeman Chain Code #4fiazldhumisgaiidansauing nntuaslifismstssnuaiams
duifhuvisuuazgy elivdoaiitdgeasing Nnlunfazanmnsonnuguenia
duqluiiosdusasingld 1wy nsaudivasauasing, yaguinasuasing, yaguddiua
oe¥ng, anunhy, anugs, Wil Hudu Tesiidhieyanasyansazgninliuuusaes
iomilnasiiuaadnsuziduuasazliiimshuunlssanuesdays lumsihsluuu

Ya3daya WgNaaudayalaeMTEEUNNNINAIDENABUNINILE?
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unii 3
e TEATPLRLL)

TuszieuiziTeaz1inauaisn1sfamuuazandnaIYAAdNNTIININTAIBYNNBI
(Multi-view Human Tracking and Person Re-identification) wazludrudamnazudiu
YBIMIFNINNNINNAIGHNNBY fisznauludrogasdiuia msthdudayalussaugs
NNANENNNDY (Multi-view High-level Fusion for Action Recognition) wazmsnzu
WtaaﬂuszﬁuénmnwmﬂymEN (Multi-view Feature Fusion for Action Recognition
using Layer Fusion Model) %wﬂ%ﬁm&amﬂmﬁu@qﬂﬂaﬁmﬂﬁ’umnmsaﬂmuLtazwf\h
fyanannmenmeyauediai e fuasyaaadmduinlilumshiimaedald
wisnntudmaauiiiuhmaasyeesssiidnlumsdadulazesszuuamaiumsda
(Falling Detection) Lag52UUAIAAUNIIN5E1AA (Jump Detection) usnNNLEfsEUU
asrsumsluniiazeanugiawas (Hand Waving Detection) Hiiludiuiiagszaananain

drudu leugaaaNuruaszasnidslagmMnINaamMwlsznaun 3-1

3.1 msﬁ'ﬁwhmﬂmmﬁ‘hﬁ’wﬁ'agaiusséi’ugamnwmmgmum (Multi-view High-
level Fusion for Action Recognition)
ﬁﬁ%%ﬂiuﬂuﬁ%ﬁlfﬁﬁ%ﬂWiiﬁﬁ‘Vh‘VlN‘{l"lﬂlqlllNENLaﬁl’l 1@# P.Chawalitsittikul WazABE
[4] lagdayanIn RGB uazAINANINUAIENNNDY LOUNNNBITEHINNEGDY 2 NaDIn
mnfu Taandasdaagiuiiliimandoulm Fnsaasdasdaslufiudnaddedu o
mwisznaud s-2 (n) TﬂﬂLtmmmﬁmmmi’ﬁlﬁuﬁagaiuisﬁuﬁmaulé'mmﬂmiﬁ
é’qmmmsﬁﬁ'ﬁa‘hmmﬂuwmﬂwamqmmﬁdmlﬂé’qwmf aswuNUssansmwlumsid
A ﬂ?viuagjﬁmguum BTy uauasiinnNgndage luyNEasmnuni wazeui
Lwi%ﬁmwgné’awﬁﬂué’mwﬁﬂLLasé’m%é’q %ﬁ%m‘mamu%’ﬂﬁ%Lﬁummgﬂéfmwm
msdlasairelarduiasmeamuinigaiionasdnau (Weighting Function) Tol#auaas
Wunowt %!mﬂqﬁjuuqu MUN  (Front), ReN@IUNI  (Slant), MUIN  (Side), LR8N

MUY (Back-slant), wazmunad (Back) mumwilsenaun 3-2 (2)
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Overlapping [
\ View (Areaof |
i\ Interest) |
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$ Back-slant
¥
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MWUsENaUN 3-2 MIAINNNBIUBLMIUUINNNBBITzUUMSThTudayalussau

MABUHNTUMIITNININNNUTIUY DN Y BEIN DA BYNNDY

2 1 ! I v ! I Y o v a 2
ssvvaswisdnlsznaudy 3 du druwsnillumsihimeluyunaaudensa

U5eNa UMM InIRNIVNYBELIEMIFTNUUUTI BN YREINAUNUM ITNINNIN druil

[ 1 (% P o Jv @ v VoA A o &
GBQL‘L]‘NH’J‘L!?I'fNﬂ']iGli’J‘\)’Jﬂﬂ}INNBQ Lwauﬂﬂﬂuﬂqnﬁmﬂmmwum LB 02YBDNAINDUIN

< v i 2 Y o 4 Y o 1 a v v LY °
WwWudiun 3 "ZN“?ISIG]W’IGIBUE!GWI"IEIIG]‘EI‘ZIaﬂﬂ’]igﬁnﬂ’]‘ﬂﬁﬁﬁnﬂﬂ’]iﬂﬁﬁuﬂi’];‘\’laiu’i‘éﬁﬂUﬂ’]ﬁi’]‘U

NNTTUUMNMNWUSZNBUN 3-3

Single-view

action recognition

e N\ ' A
. Human Human Modeling & Viewpoint
L Detector Action Classifier > Measurement
(. J
H 1 i
| i ;
( A ( ( )
] Human Human Modeling & Viewpoint
View N | Detector ;’\ Action Classifier Measurement
-

Mwsznaui 3-3 Mwsangesszuumsihiudayalussaumasudmiumsinymni

WUTIUDBINY BTN NN

3.1.1 mij’ﬁwhmammguumtﬁm (Single-view Action Recognition)

I‘LIdﬁuﬁﬂztﬂuﬂﬂiE]%UWEIEQﬂ”Iiiﬁ”Wh‘YINRﬂﬂHNNENLﬁEI’J Ta#e P.Chawalitsittikul

wazaae [4] MluaunsuusnIsdItaNysdaanNnMwaNNanlaaldisnsinauumnas

wuvdsuilasumlamuamn nniulutuasunassasmauantfsiunisaeseeedsse

waze shuzumaugaeasimaihlasweUssamiiiay (Artificial Neural Network) 301%

Tumsuanymmana 5 M
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(n) msm‘s’m‘i’uqﬁﬂa (Human Detection)
Tumsanaduyaeaasldduaniundanuuyiudsuld Tasasiugrunaims
e uvitaguuuuussumdidaunmsuuuaesiinausndy fagldlunmsuen
sewinannwnihiedsulmuastunds lasazgnihanldnuiieanafuuinadiong
mﬁlaulmﬁwzﬁmumm%nmﬂ"’uﬁaqﬂﬂa Tagismsilaznudamadsuuiasiilined
apsuuuaasiundsignimualasuuuhesumdideu 3-5 JUuuy ndmntuuion
idludyanarsgnidudisdayaanudnuasfludurauessing Tasdurauiiiudde
USnafideuriufurasmwd (1) wazpauzadinglumwanndn (0, - E(0,) losidy
apuazgnimualasmsauiueasieuinganudniidiuyaas ua erosion (E) of 0,,
saildusaslFlusumsi (5.1)
H,. = Ed,) U .M (0, - E(0,))) (3.1)

€)) ufum'naaa‘[mm%’wwam‘"ﬁqﬂﬂau,afi%'ﬂﬁ;i:'ﬁ"n (Human Modeling and
Classification Method )

Tumsaauuudaaaasnyans NsEUIUMIILENGUANIIN Center of Mass
x9) 1w Human Object Tae 81N BIFILBUNY DIILALN Giamﬂﬁ?u ALAUN Vectors ﬁfl
wnenniige Nnaudnaalifwavensiogluudas Quadrant Tag Vector (4;) M1das
gnanduiludas Vector  Fullu Vector figludsuazmnomuddu  Tosdifarsanyud
nsshiutiasfigassvieges Vector la 9 MsTmAuzes Vector asgnasthmiinlage
Magnitude (D,) taz Color Distance (D,) 84 Vector ﬁ”’qam mmaumsﬁ (3.2) waz
(3.3) Ta# Color Distance (D,) dwSumsudald (Cr,,,) azgnawtaneaniisuiagiy
Togaumsi (3.4) WAL AN First Vector (®,) §1%5U Combining N

waaaliluanmsi (3.5) way (3.6)

Dy, = \/(Axi —2 4 (B, —P)? |i=1..4 (3.2)

D, = /(ACi —Cr)? |i=1..4 (3.3)

Creyr = aclre— (1 = o) (w1C; + w7Cy) (3.4)
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2 11

D, \-1
(Dv) (3.5)

2
o= 12
j=1

£
I

1 i(%)m (3.6)

msonanihminazliumsuSumles Magnitude (D,) waz Color Distance (D,)
Tagldangaih (o) avilduaaaliluaaunmsi (3.7) 1N Second Vector (M,) 3zgn

fvua Iae Complement 284 (O, HaaNN5H (3.8)

w; = aywy + (1 —ay)ow (3.7)

wy=1- (3.8)

g0Y1E GNP Vector ﬁqaawzgﬂsmﬁmﬂu Vector tAennu Aazld Vector

slueen V| wae Vector Nl Vi Tegldmsaraibvinussudsas  Vector M

qunsh (3.9)

P(x,y) = 1Py (A, Ay,) + 0P (A, Ay) (3.9)

Wwasluwuuihasanywdasgnivualasly Upper Vector (Center to Head V) was
lower vector (Center to Legs V), Feavsenaudas NNIENINMUEH (By) 289 vy,
NNTEWINMUEE  (6) 289 V) , MANNANAUYBIANNEN sewhemuazdIunanei
Center of Mass (D,) WazAIANNANIUBAIATINGN 52 I2ULaZEIUNTNT Center of
Mass (D, Failiansinanil azgnih lU1dlumsdsimalaslaseadszamiiay
(Artificial Neural Network) “7;1"211 1 @eastau - 30 luua o Sigmoid Function ‘?}Q%Qﬂ

(FHUFNNNITLUIUMTYDINTLUIUM IUNTEDUNGY (Back-propagation)

3.1.2 nsihduimezesaysd luszauganratasyauay (High-level Multi-
view Action Fusion)
LLmﬁﬂmﬁ\hﬁuTmsﬁugwawu’i%’ﬂﬁmmﬂﬁugwumaﬁﬂmsdwﬁmﬂnLﬁa%m
hehaaunnyuuadlaiinietaige Iﬂﬂ@i’mauwawimw?‘iﬁ@hdaqfwwﬂfﬂﬁqngﬂﬁﬂm

Nilanugnassudiughinniign mslaanzidnmsihduiiledanan Empirical Observations
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v
a1

223mM 33NN leelfyanaadennnvas 9 yuneny Felausasl3lumwisenaud
3-2
(n) ms‘nmaaqL%ﬂﬂizﬁ’ﬂu”lumsfﬁ"mhmﬂmga«a«awh\‘i ) (Empirical
Observation for Viewpoint Action Recognition)
szijﬁﬁwmimamﬁﬁaﬁqLﬂmHmmQﬂﬁawmﬂﬁﬁf\hmmﬂuquuENL@';ma}z:

[

1 ] Ao 4 Py v o a
Fupgnuynyeslasnilnesuaanysdnlannudazyunes azdsuudasldanndasuniu
(Noise), msﬁmawmquum (Perspective Distortion), w‘%amsmw%’agaﬂauyszﬁ (Lack
of Information) &Y luwhisanyuvesIumInIziaNNgNaalaen NN
PIUTIN, MIANAINEIUNT REIOIUNAIUDEAIUNAN AHANINYNADIUBENTIYNND
v v v & Y o 1 Yo v A v ' = v v v Y

anudng aaiu manaassiinmezasgisenlanandeliluided 3.1.1 asgauuslau
5 YUNBY LWBTIzINANNYNG Bl ULAazNNBBINNINNIN FnaanslauandlTluass
7 3-1 FuamIANNNEBIlUNMILazNNBIEIN ] Lazm NN 3-2 lauaaa Confusion
Matrix 289/ n e gnnnynnaslasfiani W1dlunssuviumsihdudayalussau

Maauna 1

MINN 3-1 anugnaaszaams lunmanasynuen luyaneufen

. mwgnéi’a\immguum (%)
MINN — —— ~ — — —
B | RENNNKY | 2N | RENNBaY | ¥ad | ARas
gu / ou | 81.21 76.59 75.93 72.86 61.83 | 73.68
s 85.61 44.75 53.72 29.97 93.00 | 61.41
A 62.57 73.61 85.80 3.95 6.32 | 46.45
Uay 0 78.67 98.06 89.56 0 53.25
N7 3-2 Confusion Matrix 2B4YNMAA TNNNNNUNDY
Target Actions (%)
& / 1oy s A B
Desired & / 1o 74.14 23.75 32.27 27.06
Actions ‘lj'l’ﬂ 23.22 61.90 18.69 12.54
(%) Gty 2.46 14.03 48.52 7.75
U 0.18 0.32 0.52 52.64
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(2) MIIAW ﬁhag'amaq (Viewpoint Measurement)

msi’mﬂ'mwuuaqL?Jumsﬁ%miﬂquuaqﬁtﬂuﬁﬂmqﬁné’m%lﬂmmwﬁﬁﬁwé’q
faanunaeg Semsinsaniiiaasmyunesazgauiniiy 5 yunas Usznauliéde
drumih @esdumih dudhe @eedunds dunds damsTameyunasiiiienuddny
mﬂGiamsmmmgﬂﬁawawhm%ﬁ"iuagiﬁ’mgwm TagfinszuIunISUsNYBINITIN
o Aomadauts RilnasiarlFlumsihyuasdedlumanysdldudenunie uny
LLazmmqﬂ@mzLLﬂQﬁwLmﬂmaquﬁlﬁaﬁazﬁmam?\lma%mu LN TIULAELUINIR
wandlilumwisznaui 3-4 () way 3-4 () dwduileadenunie (Widh) was
LAUNBNTBIN (Axis) eaudasl3lumwisznaui 3-4 () Iﬂﬂ%uﬂﬁmqﬁﬂuﬁawwﬁ
Fuduiimh €'|ﬁ'uﬁ”'ﬂuLLu:}é'?qmu‘iNmﬂmnéﬁuuulﬂé’qéﬁuéwmuaumsﬁ (3.10)
dwsuluudazaru (Segment) wasilmadanunie (WED)) Hu sansameldanms
TWsweduminuafiianuain (1=1) mnmwlum‘%waqmwmwﬁnluﬁhuwaﬁmqﬁlﬂu
é’auqm‘fmmumiﬁ (3.11) wazludruzasmununanerasnl (AF@D)) sansamualas
ML IausnTiiaNNEIg (LP) u,awhLtwﬁqqﬂﬁwﬂﬁﬁﬂmuain (RP) luug
arauLilaas YN UN A IBITIMNENMST (3.12) wazluduzasiliaasnngs
(HF (D)) szlFmsudsdumunntemusemeandelusnisianewhsuasaumsi
(3.13) awﬂﬁudwﬂawuqqazgﬂﬁwuamf\nnm'i‘[ﬂimﬂ%"uﬁhﬁﬂmaﬁﬁmma'jw (I=1)
U umMaNNnie muEumsi (3.14) Taed rows ﬁammgmmﬁy’qé’ﬁmq Wae cols
ﬁammn%mmﬁ%ﬁﬁmq 82U PyWF (i), PyAF (i) @9 fUiiameq Segment 7 i 209ilia0d
anuneuazuny Tudiuwes PxHF() Ao dunteeae Segment 1 LN [ELE{ R HEN

= A - = P £ g
I\'ﬂu 1 ADOBUIIAUYDN Segment N1 1 0N [, Was [, WMduINavg Segment

Tows
PyWF (i), PyAF (i) = ( T D]i=1..1, (3.10)
cols
WF(i) = Zf(x, PYWF (@) | if (I == 1) (3.11)
AF (i) = LB(PyAF (i) + (RP"(PyAF(i)) ; LP"(PyAF(i))) (3.12)
) cols .
PxHF (i) = ( ; *D|i=1..1 (3.13)
h
HF (i) = Z f(PxHF, y)|i =1..1, |if(I == 1) (3.14)

v=1
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() Mmsweduluwinsdu (@) Mmswtsdnluwunda

-

(@) Wwasanunig (Width), ununa1Neen (Axis) wae

AN (Height)
mwusenaun 3-4 Madnmsuiidiuuasilaslumsiameaiyunas

Tuaunaugaineg Wwasnisuaiazgnidasdanulunniaasiliaes tanazi
= Ya oy d‘ ) vV Y o Ve VY A )
Gauilegldismsuantszan wimhlldnagaumsdiynnes Teafiveladanlasee
Useamiieninld 1 wwasdau - 30 l¥ua @d8 Sigmoid Function (HASlumsuen

1%
v

] [ 4 (Y = | AR oy J =
RHIONNTNMIIOPIIHNNDN T,(ﬂ“rilaﬂ“l:*}ﬁw?lE]Qﬂ']iLiENGIE]ﬂuLﬂuL’JﬂLG\B?WLQB?Q‘SNGNL!
{(WF(1),WF(2),WF(3), ..., WF(L,),

AF(1),AF(2),AF(3), ..., AF (1), (3.15)
HF (1), HF (2), HF (3), ..., HF (1,)}

(A) M3vhdudayaszAuge (High-level Fusion Model)
zim%’uiuﬁy’umauﬁ%a%mﬂu:um‘haaqmﬁ\h%’uﬁayaszﬁugq Faasihmnauzas
vhmﬂuu(;iazaguumtﬁm ‘[mmmmﬁaaw::a%’wﬂqﬁ%’u’lum‘sdaqfwwﬁﬂﬁgﬂﬁwwumiﬂﬂ
dananugndasasmadiimalundazyuuasmuildndnluidansnassd
Uszandlumadmmaluyunaedng g Felauanal3aelumsai 3-1 uas 3-2
Toa@ANNYNA DL BILALIINN (Ag, ) ﬁ1€1’anﬂﬂﬁmaauﬂlmwiazagmawhq y
sanuaaslimumed 3-1 %Qﬂﬁwﬁmuﬂmmumsﬁ (3.16) F9E3509MA69 1l

Y 2 VA v 2 J v ot &
ﬂ"liL“ll’]iNﬂ’]‘Vlﬂ%ldlani’N GI"INLLﬂ'J"ZNLﬂu‘VI"I‘VI"NLLB%F’]BHNHWQLUHHNNBQ

Aai,vk = ta[vk] [ai] (316)

Tagh ta A mM997 3-1 WANNYNABIVBINIZNLUNNNN @; UasNNBIGN )N V)
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dmsuluwvuiaesihduuvuitasduy Ideasldmanugnaewaudasiimig
(Agyv,) 1umﬂmmLﬁatﬁaﬂﬁmawmﬁmwﬁwqm 2ENTU AAdUMMeNlaain
o o V& 1 v ¥ ¥ Y A V@
yunauAEIFaI N U ez iy NndunThuazauie T2ee 4, ,, 89U
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AstandAsitting Vside = 7414 + 07593 — 2322
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3.2 msﬁ'ﬁ’n‘viwm‘l:ﬂﬂmsﬁaﬁ’uﬂmaﬂuszﬂyuéwﬁnfmmmgumaq (Multi-view Feature
Fusion for Action Recognition using Layer Fusion Model)

mssnmmaleamsihiuilaeslussauannnranayanes aslguuudassuuue
4 & 2 ] 134’ a 3 [ P 4 v v 1 s A
LEBIUUULUINT TILTNWUNLN INULNDODOVDHIAUBNBUSAN "]FLHLLGIG?JLBLEI?JS Lwa"l"?ﬂu
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L2
L4 < v

ainuuiassiay uidauansnumsladayandrnu wisdayanlafivedangluug
o s o % o . o o

LU m‘[ugawan%ﬂizﬂaulﬂmﬂ 1. NISVIUNILOSUN  (Preprocessing) d113U
YSulpaumnaesnw 2. msiuuuiassnysduaznsanaiaeslosldlugaana
Wwasuuutateasanyuuaded (Layer Human Feature Extraction) 3. M3widunuzas
Wwasuuuaeas (Layer Feature Fusion) 284933aadideiannnnaaaesadluukuuingss
Wennu wazazgnihldusnues (Action Classification) (Hurme Flauaasmwaiayes

szuu i lumwisenaui 3-5

Single-view 1

[ Preprocessing ]—D[ Layer Human Feature Extraction ]

Multi-view Fusion

Py
Layer Feature Fusion
P

[ Preprocessing H Layer Human Feature Extraction ]
Single-view N

A Yo 1 o v ° ¢ A o o
ﬂ"l‘W‘lJiSﬂE]“U‘Vl 3-5 ﬂTWi’JN?IBQ%SUUER)WIWIN?Imug‘t}ﬁlmmmumamLaL‘c’laiLwa‘V\l’J"du

DYAMNWFLBLANNINNNVAIBYNND

3.2.1 NITUIUNIIAIBN (Preprocessing)
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Tagmuiadaulminignanasanin (1,) waaaeaumMuUsznauil 3-6 (2) NNMWANNEN

() Tumwisznaudi 3-6 (n) Tesasauydgiuhdsiedaulmlumwiudiyanaindias
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A993UBY uaMwadaulmnfignanaasniNFIAIEITUNIUINMITATINTUMILAEBU LI
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NINNUUNINABUBBITNQIgNANB BN B ludn NN AYaINTDUTWAE N
(Bounding Rectangle) ilsznauludgdumbuuig X, Y,, A0 W,, 1azangy

° ]

H, Togldmsszydunmisnnmaiiansuszanamszaunn asiiuaaalilunwi 3-6 (a)
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Extracted Human Blob of Human Rejected Protrude Parts of Depth-profile
Object Blob of Human of Human

| ( Koy Yo, Wy, Hy B .| r B
() @) (@) Q) )

MWUsENBUN 3-6 NTEUIUMSAIEN (Preprocessing) SMIUUSUUTAMMWYBINN UdE

Depth Image

MIFNAFULUUZBIANNENYBIYAAD
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o o o v [ s
3.2.2 m‘smuuumaa\mgvﬂuagmianmwma‘s’mﬂiﬁa«@aanmxlmamuma

wa{mmgwamﬁm (Layer Human Feature Extraction)
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View1 Layer Human Feature View2 Layer Human Feature View1 Layer Human Feature View2 Layer Human Feature
Extraction (Front-view) Extraction (Side-view) Extraction (Slant-view) Extraction (Slant-view)
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mMwisznauil 3-7 (Wuuwa) Tesilanndunisiuiauazenueding druvauimu
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AEmULBRBUMUUY y [ k | uazsuniwewaumuany, [ k ] damnsadmuin

Taanannsh (3.19) wae (3.20)

_Hpk+N)

yT[k]_—2N T " (3.19)
_ Hp(k+N+1)

YB[k]——ZN ") (3.20)

lagWunzauaash k a9 asgnimiualos x = 0 B9 W, uas y = y k]l 8y, [k]

amuuuuHasanlananinuy weasilannnluuurssenudnluing azainso
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ldduailnesnadlutaiaason 9 loaldquaniaiugiuwazada agrugy ununa
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ANNVUILUN ANNEN AN WU Wudy TesnazgniFesanuarauuaisenutuy

Wwas Tunn 9 dw menudnainsadialumsuanuesAMENHULIRANILYBINNINEN 7

aanaznanazeaall

Tuwuudasseive iveldmuvue 2 Nwasuanluudaziawas Usznauldsne

ANNILUNBIaas (PIk]) wazaaihvinanuvinuwiulesanudnysaaieas

ZIk]) wananil Maesduranieg (P) tuiluimaslagsinazaniiinwnunive 15y
q v U

fmUsua augnuszdnmanuynmeiagluwnuay

(n) anuwnuuataeas (PLk])

]
=

ANNMINUINYaaLEas (Pk]) astsdhnunneessinglundaziaieas minnuy
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p'k]= Z Zlm X,Y) (3.21)
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TununaaiuanaNNUAAAANNUANGNAUYBITLEENNTENINGIINQUALNE DI

Hagaa P’ [k] Inghaglnandavasinngivnaluainiingilnaseanly aeuezeg
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Futayanudall loafiveazldamnimmnniigaludiing asiuaasliluanmsn (3.22)

K1= p'Tk]
pIK] argmax (oK) (3.22)

(7) MhBinANIINLIlAgANINENYILELET (k)
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v
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f{(x) =1.251217e °x® — 1.037037e "x> +3.501481e°x* —0.006100x®  (3.23)
+0.577595x2 — 27.634268X +5.675994¢>
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Tozwmdeluawasiy 9 aaumsn (3.24)
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yelkl Wy

D'[k]= f¢ yz 2, mo(x.) (3.24)
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NN 3-3 Megngluuurasanuanludyaeannluisilnesluudazyunauss
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olk]= H(p(v:i)[k]) (3.30)

(2) @NIAFIIVNNAUUVUDINIBUNAINUWIE (Weighted Mass of Dimension)

ANIFFITYDINA LUV NINRUNIILINE  (O[K]) Qﬂﬁmuﬂﬁummaumiﬁ (3.31)
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= v o 3’, % d‘ o Y o 1 1
Gaudaeduszusnuszlugunsudaluinaminsoazihinldlumsisimhmesaly
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(p) nneasyasltaasuuulaildmanudn (Non-depth  Considering  Feature

Vector)

4 = 4 A 9 ¥ = 4 sg = 1 (& J
L'JﬂLGIa’i"ZlaﬁwL‘i]E)iLL‘IJ‘IJY]VL&IAI‘UV’]T]&Iaﬂﬁlgﬂ‘i'lﬁ?lu&l']‘inﬂﬂ'liti‘c’lﬁ@laﬂu‘llaﬁﬂ’lﬁ\l']aﬂ'li

29956 (Mass of Dimension) MNNNLAEDS A LANINNHAYUTINYBIAIANNAUIUUY

1
T 1

s (Pk]) wartaN@anuMINNNFANNNIYNNBILBIM BN TIULeNIng (P)
2 Y Vo X P ° = vV @ VY prp " @
wazlaiduaasil P, = argmax (P, _ ) ahanGevdanuaslddayanGevdanuma
aagaa Uil

{m[—N], o[ -N+1], o[ -N+2], ..., 0[0], 0[1], o[ 2], }

- (l)[N :', Pm
(1) NNLHBTYINABTUUUAIINEN (Depth Considering Feature Vector)

NNLEB5YBIN LD ULUUANNENAZLANNNITEENADN UV AN TUAINALUUDN

Mnind e (Ok]) Usznaunumannigaannnnyuaesasmansduzeniag (P,) &
vV o = 4 = o 1 &'
azlennwasrasiaasuuuanyanesaa luil

{m[—N], o[-N+1], o[ -N+2], ... ,®[0], ®[1], ®[ 2], }
., ®[N],Pn
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P o o a ~ da( v A v %
OIINN 3-4 G]')E]EJ'NV\'LQQﬂuHNNBQL@ﬂ']LLﬂgwLﬁlaiwaﬁuﬂlﬂﬁnﬂﬂaﬂlﬂﬂﬂuNaqf\lﬂlﬂﬂaa\i

HaNe)
M / N8N 1 NADNN 2 B
O[k]
N L, Z[k]la=0.9 I Z[k]la=0.9
L 8HU-1oY /
YN

I 8U-thY /

NN

IIL. 8U-LaU /

k4
N

IV. 8u-1ou /

BN

V. 8U-10U /

a4

VI 14 /7 ¥ith

VIL 149 /

RENTNTN

VIIL 14 7/ 299

IX. 19 / 13288

NV

X. 19 / Y199

v 4
XI. AN /7 BU)

XIL AN /

BTN

XIIL. AN /

219

XIV. NN /

RSN

XV. NN /

a4

N M

B M

B S Lkl
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NADNN 2

L))
©
Lo
=>
—

MNN /7

O[k]

=~ )

NN Z[k]la=0.9 I, Z[k]loo=0.9

XVI. uay /

4
B

XVII. uau 7/

NN

XVIIIL. uau /7

k4
N

XIX. Uau /

NN

XX. uau /

[

NN

=01 M=

L

Taan: 1) Z[k] Ap AmerhutnaNunnwiulegaNanzasawas (Zk]) legludiade
g’) 1 2 = v a:! 4 1 1 Vv 1 L - =l 1
AIANBATINIEEUS o BUTUMIENIN QK] waz plk] AU 0.9 1) k] Aa @
NIDFITYNNALUUNUIMUNIIINE (D[K))

PDNANTNT 3-4 LOLFNIAIBINIAENTUBINALUUEINNUNILINE (O[K]) DU

dayannmarnhninanuvinuwiulesanudnzaaieas (Zk)) loslisasynyes (1F

1
~

ndad 2 Mlunsmaasd) lesgduuudayangniiduny (Fused Feature) lurdu-iauly

U u

udazyunaeianyaueilnadenuann dmsumislasmivudrnsigduuunlyluiioms

Wenfuudaziienuuandnuaging sndulumisandunasazuanaieliiiiasan

[

Foyaludrivamealiiiasnngnuaits Fgluuvdayamailseasainsaldlunsidla

TasaruzadunzlmNuaaslsasaannnNnNaIud Y Tudiuaamn iy Uiy

k4 d' = 4 v o Vv L o v d' ld‘
11émlaua‘ngﬂvh%uﬂuummaamamnumﬂﬁlunﬂ JHUNDN Iﬂﬂuaﬂwmzﬂﬂﬂmsmagw

Y

v

FraeasmuuuLaazianuuandntuieludwewnersnnulae wazludriuyash
wauaziianuuandnuagrnlasdaauluyuuesdi loawmmzludiuasyunasg

unth Feagielsnarundansazliananvusludiuzasawasarvuunidarannuay

[

savauasluamuddursawas Zelumnnsisudiminniigannynyunaswssmsnsain

9

289309 (P,) Baziianuuanagarunumay qinelglumsihnrme
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3.3 MIRAAMHUILINNAIYAAININYIINKAIENMNDY (Multi-view Human Tracking

and Person Re-identification)

a o W < a Ao [ Ay = v @ a ' Py
ﬂ'l‘i(ﬂﬂ(ﬂ’]&lLLagﬁ]ﬂﬁn(ﬂ’JqﬂﬂﬁLﬂuﬂﬁﬂﬂWLﬂuﬂﬂﬂﬁNiu’izUULE]’]SS:’N 2ANIYSHN N

@ P P a

WOULNEINUMSIASIERNUNY Y tiaNazfinmuliatnanluuSnanssuuyiinms

q
%

eI riaLara Uz g luuaassuninsins1ed (Tracking), MIAAMY

~

wazduguanatisdnunsainiiyanadnnmnnimiteulumlivarandssnaitessv

(Matching) uaziivaszyluiasduihiiyanalathenidh-sanluusnanmaieigied
(Re-identification)

]
=S o

dnsuluszuumsfiamuuazaaidiyaeaazlidoyadiumisuazd Hdiludays
Wasaunauganamnsaihminlglumsuanuesudazyananilundaadeinuuazssning
naad Swdelglumsaedridryaaaluzudy unumsldluni 1a59319 uasdnwauzna
4 ot v Yoot ' ' a @ = < ¥ MY
MEMWDY 2Ny EdEeaasliismsunedn wuy Wuindeanvaaiulumildaadi
Faruluynnasasaiveiasidiesniimyans wazladsmunauasanadudaulums

ﬂszmaNa%qmqﬂ%ﬂlﬂawuwsaﬁwlmuﬂwsﬂszuaau:uu Real-time

luszuvazdsznaulidne 2 s Ae drudamuyanaluudasyunss (Single-view

a

Multiple Tracking and Identifying Module) I(ﬂﬂﬁﬁﬂﬁﬁﬁmﬂmﬂNLLazﬁmﬁﬂﬁ’JQﬂﬂamﬂﬂfgm

d’ 1 L4 1 d' 4 ' 4 . .
Lﬂﬁl?luLLﬁlagﬂaBQ LtazﬂﬁuﬂﬁitﬁaNIHQ%BHB?SWJWQHNNBQHHB\? (Mu]tl—VleW

[ J 1

.. o v o A v 2 v oy v
Synchronizing MOdule) ‘Vl‘Vl']‘WL!'WILWE]‘\]UﬂUﬂﬂai%ﬁﬁﬁﬂﬂaﬂﬁuagﬂﬂﬂB?;JIBVIG]BQI%E]E]ﬂN’]

v 9

S UTIMINTIRTUMSHANMTUNT aamwlsenaui 3-8
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Single-view multiple Tracking & Identifying

[ Human Detector & Localization ]
* Multi-view Synchronization
f Object Tracker \
1. New Object .
; Object Matcher
2.Update Object
3. Collect Object’s [ between Cameras ‘]

Attribute

Y.

Comparison Properties
for Tracking [

1. Position of Head

Overlay Detector ]
2. Color Descriptor

Tracked Objects

MWUsENaUN 3-8 MWHINTEUUNMTAAMNUIZLINNNIYAAS

Running : Testing—02Z2multi—walk —> 80.6554 ms/f

mwusenaun 3-9 (?hashqNaé’wﬁm‘sﬁwmﬂmizuumsﬁﬂmuuazwﬁﬂﬁmﬂﬂa

namwlsznaud 3-9 uaasliiudinmshaugasszuulesuiseaniudiudo

J v d‘ k4 a o L 4 d'
muudazyanalunasude lagazldaalumsfinmuuazaairidiyanalundaudeilos
BEmNSIAUMIINNaU-NE Wnspuddavinedeaoius Active Aattnanagludindas
wazaaInfamuuazanfIyaaals srugudnuenlavoyaazinuihilunms Assign

doyalumsredlinuiiyeea lagls ID A-Z uazazyns Matching YAAAIEHINNADY
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aamaealumnysenauas Assign ID W A waz B (Fuad) ialflunmsfemuuazani

FIYAAINITDN

3.3.1 zhumsammuqﬂﬂa’lmwiasagmma (Single-view Tracking and Identifying

Module)

NnMwUsznaun 3-8 daumsiamuyaaaluudasyuues (Single-view Tracking

and Identifying Module) Usznaulddne daa5133uynnalundsd (Human Detector) &)U

]
v (% [

damnaziuduisudayannimasatuyeeaiiathindsgaansasiilslumsiSaudiay

]
~

nudayazesyananiedlussuuiivafamnuazssydmoay mludiunsdanuyans

v
L%

(Object Tracker) azﬁwﬁaa&aﬁlﬁmm‘%ﬂmﬁﬂum Color Descriptor &% Position of Head

a

d‘ <t o 4 4 a c} | < = v [
weldlumsiSsudisunazawanivyanadnnfamnag mnulsuiisunaiaudnymue

v [ = 4 v v A v [ A v s . <
anfuuaziivinlinhliidnyaaaildnnasaiuyaeaidiianinifae Assign 1Wuyaas
Tnilussuuiiafiomuuazand) wazdalins Destroy nandayafitiu Noise 53nlUden3
o ¥ a1 a Y o ] P ¥ [ v P
dayaauantdn qrasyanaildluiimmakazdu g dhluiivludeyazesyaaai

FEUUMNAAAINDE]

(1) M3TTUFIYAAAUAETEYAIUKIIzaIYAnanilulraaduazAINEn

(Human Detection and Localization)

zim%’nm'imm%’fuqﬂﬂaaﬂ%’mimnﬁumsmﬁaulm Iﬂﬂﬂ’]iﬁ%’]ﬁ LUUIN DD

HVSUMWNUBAIWAINIMWANNINUALMNE  tNatSauieuAUMWNABINITHTIAMN

v
[ L%

anuadaulm wazasanyguiingiedsulmlumsidaladluuysinimue dwmsu

9

MI9593UMS5LeaaU I lunmideitlEnsasa3unstedau lmNainsad e NuUasan

WINENYY A

ho) )

W dFsuvanszduuy tisazBsuiuuuiraasresiuvasidudaula

MBENYIMIATINIVYAAA lauaasLIasmuwlsznaun 3-10
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MW

HN

AN

(1) WSUNABININTINIVYAAD (7) HAAWENINTINNUYAAD

MWUsENauN 3-10 MBENMIATIRIVYAAD

dudaNAansaanaudyInsunIu (Noise Reduction) 2NNI58ANAUTLQIM

A4 o a A g a (%
sumuazldnszunumsmeduginennidumstszananamwlosmsildsuniasdnwae
sUsnndalaseaiasmn TaglumsuSudgenmweasssuuiiazaiulufins1d Opening

uag Closing Z9azlunaulu@la Dilation waz Erosion aamwisenaui 3-11

Input (Original Image) After Opening After Closing

MWsznauN 3-11 698NN Closing WA Opening

(i ldlas9519289671yARaNazINNIITYAILKLNIBIYAAES (Object Localization)
dusumsszysuviaasyana (Motion-Depth Object) azl#nszuiumsmuauanding

(Edge Detection) uasmafiagsauingnigiseaulani3andy Contour Ao 30NaansaUM

1
a o W

T00 vasnniuazimsUsznaqanagsauinglivaamwizgandiAgy (Control Point)
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L@2¥"N59 Bounding Box of Object w‘%aﬁnﬁ%ﬂnd’]nsauﬁm%‘ﬂmaﬁmq TutunauLsnaz
L'%'uél'uﬁnﬂsmwauwaﬁmq‘[mﬂ%’ Laplacian Edge Detection lagdsiiazyhlianuanuas
yaufiinniu sxlFdhusunlivaurssmuianudauiu Tagld Second Derivative #4992
HAUANNUANGNTALAUNT First Derivative wazld Gaussian Smoothing Filter Lﬁaﬂim
Fuanasuniusan tilelilduauaiwainn #8910 Lo U2 BTN QUEIZABYINITIN
G‘iumﬁwm@ﬂﬁﬂszﬂam’mLLé”ﬂﬁt‘fJuwauwaﬁmq F38n Contour Taams1¥ Freeman

chains tWevNyaiusznauiuualaliudiiog

tlald Contour 2993nguarnzdavlszanaqaiieraty (Control Point) Tagls Polygon
Approximations %849 Douglas-Peucker [93] lagl#3i5m3antduaInaaaigauain

1 4 o4 1 v 1 v 4 c:d ! c: 1 4
szazindulUE90619 Judnde Segment Inilagldaanisanniigaaussasinaias
A@ Threshold Fanga adildannnszuiumsiiaziiugeiidrdny (Control Point) WA
N5%) Bounding Box of Object lagfunqatsuunnmiasign wazanznanan
AINNTIgn waIFM X, Y, Width, uas Height 2910 Bounding Box 2893019 GIHAANS

MuMWUsENaUN 3-12

X=64,y=29

height=143

width=34

MWUseNaUN 3-12 (I8N Bounding Box 284309 (UAAR)

~

{HaIINMImasTuamyana lulunanwd RGB aztiadyanasuniulunsdin
uaatlasuduway muawlsznaun 3-13 Jerh lidumiseasdiyaeaiilaanluue
Mwd RGB @adalild dsdaslddayashumivnnvuaanudndsznaulumsmeumis

gyanalumw RGB lflumsasdayadiivadamuuazandndiynns
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MwUsenaud 3-13 MaeNFyuIUIUNIUEHLDINNNUEWNLE Motion Detection LA
Noise

]
oA [

Tuduniisreayananin wduazanNuans iz auazmUmNNaNAY wae3
G108 NNNUTENBUN 3-14 LHBINININFILVUNYBIBULEDIMINFUAZNINANMINEN
1 L = k4 o = = o ] v ao 4 u | d' c: o ]
@MY NADNNISREULA NG LHUIAIEI TN TEALTIAIL DN TIFIUNAN WASWINEILHU

= 1 4 d‘; o Y o [ d‘ o [
2IANNANEINNINYAFUEnaNaanEerh IidunismaLad aunduniseesyaaa by
o A E =2 v oo v & P’y = M '

MNFNNNNNTY 9@ aeimsaamanefzuaNuUdsuulalutusI uwuuan, Amanu
wasutdasluwinsumudadiuaaainauusu  wazamanydsuutaluanunig

a} d! a v g" 9 ¥ 4 1 v g a . . . z: v
wuuead A lunwddeiaslilgnsusummuanuduwus i Geometric Calibration 1%
MNTNLADIVDINADIAN °) LW8W Translation Matrix L8 Rotation Matrix LWN® Matching

k4 =

MUHNNNMNFLIZANNGN LB NNAM NN TR DS2INABIMNS YR LAY daelinng
o = U d‘ U 1 v c: &’ cql’ ¥V
msdauisumiiameiae g wazldnamlumsdszaiananann waznuduildasms
= o |l &’ v . 1 Yy o ] dd‘
tenguriaiasdy 2103 Shift M leense waslddayanndunizeasynnannmwai

Fenuth@etainldlsznauiu dvhlasiuazaauinaudush

MNUIENDUN 3-14 VUOUSEIULHUINA NN UYDIMNFULILANNEN
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Tudumauiiaslddayanasingiiludumisnasyanannanudnuas shift erlu
dunispasyaaslumnd Tasdduusnaglémanuudsuwladuwnnuuuuesi - -
Fixed Horizontal Shift Value (£) 3130 nnlaannmIganuzasanuniwesmu
(col) LLa::é'mwd'mLﬂéauLLﬂaqiuLLuaéq - Horizontal Shift Factor (o) %uﬂummﬁﬁlﬁ
NNMINaaeIiiMTiINEaNil o = 5 uaaInNENMTA (3.33)

A= <col x (1;:)‘0)) (3.38)

AmaNuldsunlaalunuInuamudadIuaesinauuIsIu - Position-based
. . ° v | l
Horizontal Shift Value (7) shansacmuanlaanndadiumsidessuuannnarenw (%)
P = [ o ] a 4 v S < S v 4::
WafiguA U Uil UGN (X)) aumeaailasdudaaumsidsuudaims
FOEIUVINNAAUUITIU - Percentage of Position-based Horizontal Shift (P) Falumaen

v oo 4 4
AANAMINABITMAVINILENA P = 10 LaaaeNanmsh (3.34)

col
xold - T

_ [ Zoe 2
T= o XP (3.34)

2

manuldsuntatluanunieuuuesd - Width Shift Value (@) &350 1IN
ldnnmsgunuzasnnunieaamn (col) wazdanadmwasuuladluanunin -
. . 24 g v A v PR i
Width Shift Factor (8) daluaasnfnlaannnmsnaasslismimansaaui ¢ = 30 udasmy
dunMsh (3.35)

@ =col X (1£00) (3.35)

ntumamumislusnsulwl (., ldnnmssinfurasmumidluwinsu
WN (X,00) Aanuaguulaslunundawuuaed - Fixed Horizontal Shift Value (h) Uaz
aemnuFsuuladluwinfemudad1uaeafifiauuIsu - Position-based Horizontal Shift
Value (T) u,ammuaumsﬁ (3.36)

Xnew = Xoa + A+ T (3.36)

ARNIMNANIINAANNNINYBIIYAAS NN (we,,) NlANNMITINAULBIANNATI
N (wpyg) wazaanuldsundasluanunhawuuasi - Width Shift Value (@) W9

P
MNFNNITN (3.37)

Whew = Woig + @ (3.37)
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Walashunislmizasyeealumwiazidingnszuviunmsiamanmihizaiavadays

o 1 = ‘ﬁ' ° a v [ o 1 t-ﬂ' v
duntsasyaasnnmund et luinsanldvsznaulumsuSudgdumisilaannms

%

Shift AlAan39 watHa9NNEILNINZBIYAAINNMNEFAADIAsinaEnaEN D UIn

=) D

(Blob) Waawimsleuiisununn 9neuiaglunnd losludunsuusnazmeariy

dauil Overlap  szwindawingiduduviasyanannanudnuazdlosaniy

9

v ' v
v A o]

wasifudilafisufuiuiivasteuingiifiudumisasyanrsnnamudn (n,) Nniude
menenamatnaaulagsin (€) vasadmunisluwnsulug (X,,,) fu edundsly
WUITIVLBINBUTAYUAAINNAINE (Xgp) WAEAIVUIAAIINNINYBIGIYAAS LA
(Whew) NU A2NAANNNTINYBINBUTAYUARINNMNE (wrgp) Taglrinnud A
MANNAMALARBULBIAEIUMLIIlLLINTIL WazBINAANNNTIY MUSITUGIEL v = 0.7

Waz 8 = 0.3 FHFINTAMINUMANUAMALAFDU LAMNFNMSTN (3.38)
€= Y|Xnew - Xrgb' + 8|Wnew - wrgb' (3.38)

gj =Y v QI = lﬁ'lll ! g d’ | d’
mﬂuu%wmimuawwnammqqﬂﬂamﬂmwa NHAOINUNFIUN  Overlap (nD)

NN 75 Wasud wazmanuamamdau (e) uagnd 50 WnunuudaN i

1
A A °

AauingyarannmMuwaniedanazihinlsudisuieausuala Talgamnladanms
Shift Mlagnuny MOmnlineuinguarannand leadandayannianingyaaa
prpa Py & o v P L o v Y o 1 v
NnaMwanamanuamandau (e) nisangamanandwmismaloglddasiuainn
NIAVINAANNNTNVBIIYAAR NN (w0y,0,) WBzAIZINAANNNTNYBINBUTAYUARAD

PNNNE (wgp) athlWTHTudadudgauiauSumwudennu shift alagnse

(1) msmgaanitialdlunsufSauiisuiaiinmuuazaniicnyana
(Comparison Properties for Tracking)

]
[

IumiﬁmmuLLammﬁwﬁmﬂﬂaﬁwLﬂuﬁaﬂﬁﬂmauﬂ’amﬁumiﬁmmuqﬂﬂaﬁﬁwaqaﬂ

U

Tusunw Fazldqaantdzasdiumislumulumsdoarndunan waznmsaedian

kA4

yanavzldguanifuaediudd (Color Descriptor) Hudiadunsanansuzyauday

yanatialglumsand
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(1) uniesdsee (Head of Position)

p=)

tasnnldamanifzansaudiuniaeeiyana (Bounding Box) lumwanuani

]
[

|l lﬂ' =y 1 Y a a o v ti! a o
anuiedaminzuimsluinlgdaauyananmasaglumsunn edualasiia
funlayndezasyaaaloguana luunueeasung Wugaudu X wasY uazuan
20UwA2a0InglagldmaNNN N LarANNFIMIN Bounding Box 284100 aamwissnauy
P £ A& A v U o v o = ° a <)

1 3-12 RN IANUMIAUINTAUILAILNINYBINIYAATINNINAAMNAITIETUIA
guidnan udlilasmemaagudnandasandeqaaniamsdnnannamanugimiany
wlsusrugaiiasnndurisaumuasdiuandu gazlnadesnuiudah Ialuuass
lisanseazasadulaasuuasisunislian mudagienis mmdsznaud 3-15 39

o v v Y a o ] = =
Minaaslgusnadunisasdsezan g lunmsaaauuny

MwUsenoun 3-15 ﬂ'ﬂ&lLLﬂiﬂiﬁuijﬁiuﬂﬁiﬁiT’ﬂ“?}’Uﬁ’ILLMﬂQ?IE]Q?I']

dmSumsannaamuniveessdsye algduniinsnannuugevesdsusanlyly
M3IAAMNEILVIITBIATHE TALANNINNNNTDUM UNINEBIYAAS (Bounding Box) lu
mwenudn Wuasuau X (X,) wezy (¥y) wazuanvauwavesinglaglimenuning

u

(Wd)Imﬂﬂ"wmmmuaumsﬁ (3.39) oz (3.40)

Xn =Xag + Wa/2) (3.39)

V=Y, (3.40)
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#aazladurialutursnueaedsue (X)) WaEILNU lULUI A9 DIATHE (v,) ou

MwUsendud 3-16

height=143

width=34

MWUsEnauN 3-16 eurieluwinsIvresdsee (06,) wazmunieluwinfwaedsuy

(%)

(2) Qmﬂﬂ\lﬁ}aﬂaﬂéﬁﬂﬂ%a (Color Descriptor)

]
o

Tunideguiiazldnneesynnaniidlulvug RGB @ Red Green Blue #4tinan
MTHFNTENIN 3 WaNE LUFAFIUANNDNIUNUANGINNY HBINNHENNUTN LT A FA
vuanAaNieaslannds 16.7 aud wlnadssnvdnnivevsuiuldlosUnd uazqa

et o [ < = A @ a = = X « .. 9
NAMIFINFTINNULN YU UFVINIINU UBNIINNITNINFUUUUNULUY “Additive

WIaMSHENFLUUUIN waziiatldeusnsdiue gazaainsarnbinalnudausnnung

TS Y o

ualuluued RGB uihazyaeaaziisuanwaliflussdiden uandelienaudsusiu

Tunuanmwuasiinsznunuyaaadehlalisansaihlunedly RGB e yaeald a3

Y

MWUSENBUN 3-17 WABENNUTNMNNWTTOVBIYAAINANUTIMAY 3-4 (AT NHLEN

aeliwnny asvhlviaddaaasanulansiwanudacan (Histogram)
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|
(1) MNFFMILALINY

(@) nWdzauaNud (RGB Histogram)

Tuamwiaaeany

MWUSENAUN 3-17 ANNUONENYDIMNELFDA AN U LUFMWLEIGNNY

Gty lumAderiitadadddmaiausdayauuuluifiaansofiviayedng uas
fednvnsdidudodsuduiuinmuaiialilumsia wasaglufamuuaiionansonld
pEN951015788195M AN (Real-time Condition) luanidseiiznhiausdsmsuasmwly
agfluTuug RG Chromaticity #uflu Space lumsihisuataya aasiidfiuaialovidlu RGB
Fafife “Chromaticity Space” #alagaluwes RGB Color Space luudasinigaazil
landnealmusEauANNT T uraEuas @ed wasih Judnan doly Fuasdaiaing
sansaazuaasldiliu (R,G,B) e (255,0,0) luwaid ﬁLLmLﬁ'u%!qﬁmzﬁﬁhagﬂuﬁN
(40,0,0) TumsuaNalayi RGB Color Space %38 RG Color Space Iﬂﬂﬁ%gﬂ%’mamiwﬂ
agluszasanuiudadiuaasia duas fiden wezdih WaSsuifisududadiuanu
Wawauaacd FailasIneaae Chromaticity weanadudrazlduhiu 1 nanie szt
WiguiumuasEmmuisiniy lasUndusrniBseau qazlihaminl#nu udaanse
indnald Felunidseiazaulasuas Chromaticity wesnd Fahlitiediu RGB
Chromaticity Space

ﬁﬁ%%’Uﬂ’liLﬂéﬁlu RGB Color Space luss RGB Chromaticity Space e Lo lagdean
AN (Intensity) Tulvuad RGB wasmuiaansdiuaanu iy Chromaticity 284 R
G B uaz@udied Bit upsailduaaanduly Taslumideiias|ds:qudi s bis fdgge

Nl Mr=255 a9aumsh (3.41), (3.42) waz (3.43) MUMAU
R

- M
T TR+6+B T

(3.41)
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G
?=Ryc+p M (3.42)
p=—20 M

“R+c+BYT (3.43)

FUNDMUIUDDNIIUAIAN 7~ + g + 4 NNU Mr Llasudasmadezainisulag

RGB Color Space lusis RGB Chromaticity Space AaMwUsznaun 3-18

(n) RGB Color Space (%) RGB Chromaticity Color Space

MwUsznaun 3-18 Mae MW RGB Color Space La¢ RGB chromaticity space

FnNuamMsNeasenIsulasmwilu RGB Chromaticity Space ntdaaryhlviand

L4 il

ntulvegluriuay Nianuuanenuluudasd uoazaansauslndideannauiiallu

U
]
U o

LHBLAINUNA NN UNFNMWULEN NUFANAIDENMTNADNLAAIITNN 3-5

M517 3-5 dreeanansnaassmsulasmwiiu RGB Chromaticity Space MNLFD

Chromatic
Object Histogram of Object Histogram of Chromatic Image
Image

Al
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Object

Histogram of Object

Chromatic

Image

Histogram of Chromatic Image
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Chromatic
Object Histogram of Object Histogram of Chromatic Image
Image

pA 1

(3 [ o Yo v

& a A 2 oaX < v
unaudellazidunsmuinanaziediumn Wesnnawigiseladunsau

] ] [
= = a

Fudon FeazfaNunasnan Jedudssdaamzdunidudiyasstuinuhiuieay
Wdlﬂ' <) a a g 1 g-’l Y o T lﬁl A Cd o = ‘ﬂ' =
ladndudaswesyanaduinunuy Tasmslidmunisidaunuiueasmwanudnignie
wisemunaet Wuluindud Teadianiy o uazigegazasd 255 mvhnszvhiulesld
AND Operator 1383 Channel R G uae B #eazlanaansainiadge aumwisznaui 3-

19

[
= o

(n) mwﬁwamﬂﬂa ) mwmmﬁﬂwamﬂﬂa (A) MNNU

v

TNUVBIDDN

mMwdsenaud 3-19 é’aasiwmiﬁwmsﬁmﬁuwé’mm&hqma"lumwﬁaan

Fannuaawsnurasasnagudi FeannsannaailiathMwinnsaanumnas
Paiyanalumudaanuarh lUiiiy Histogram wddesduiingaindude luvna
2OANAIINYN Histogram 16 LUMana

& ' . vy v & ' & P wa o '

(@M@ Histogram laud) 2uaauaalunfamsteanantfzasadluyaaacigg
ToglumAdeiiauluy ergrufisn (Mode) Fallumnfiasrnuainnigalumw suisuls
AUA Intensity NHANNDNINNFA LY Histogram 289u@az Channel & #9azld Mode 284

(m;.) , Mode 284 g (M) 48z Mode 283 b (my,) fauaamaenglumwilsznaui 3-20
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f (anuddzanluuaas Intensity)

Intensity Level

(szauANIINT)

Mode G Mode R Mode B

mwisznauin 3-20 gredmamenlumaiuiiay (Mode) Tut@as Channel &

UMz iladueudariloaunasinain  Histogram  luudas
Channel 2098 MuFNNSN (3.44), (3.45) wae (3.46) wWaIINAVAULBINIKNG W

duMsh (3.47)

max(i)

Sy = Z H,.(1)
L (3.44)
max(i)

S, = z H, (i) (3.45)
i=0
max(i)

S, = Z H, (D) (3.46)
i=0

Sau =Sy +S5+ 5 (3.47)

Y¥a91NUUYIINIS Normalization LNV dAdIUVDILABLENIiNADanN LT U

wWasigud fasldmdadiuvauiladuns (p,), dadruzauiladden (p,), uardadiuvas
Wadh&u (pp) MNENMIN (3.48), (3.49) waz (3.50)
Sy
Pr = (—) x100 (3.48)
Sall
S
Py = (—g) x100 (3.49)
Sau
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S
pp = (—b) x100 (3.50)
all

lamemanuaudfalda Feature Set 28462UN3@d (Color Descriptor)
Usznauluamammgiutisny (Mode) luu@az Channel 2098 waredaduiieduasudacd
saulﬂﬁqﬁagaﬁtﬂudwummimaqqﬂﬂae‘?}wmmuﬁmmLLmiﬂuLLmsm?mﬁsm (X)) waz
dunislunundwesdser (v,)  Aavld Feature  Set eaadumsh (3.51) tilaldluns
Aamuuazanyaaans U

-

Fobj € {xhl Yh'mr'mg'mb' Pr» pgr pb} (3-51)

(") msﬁmmuuammﬁwﬁﬁqﬂﬂﬂuwumLﬁ'm (Object Tracking and Re-
Identifying)

Smuaulumsfamuuazanyanasziuiaysrasudazaudiidayanaumis
(Head Position) Waz@IUs%@d (Color Descriptor) Lﬁa“?;ﬂﬂﬂl,ﬂ%zmLﬁﬂuﬁ’uqﬂﬂaﬁﬁwﬁq
ammuagif?qﬁaanuamWsulUué’a ﬁ”'q“?'iagﬂul,mu ‘mﬂuJ'%smLﬁﬂuﬁuqﬂﬂaﬁgﬂammulu
seuuud laifAazrhmsaiesuanlm (New Object) wniU3aunsaiu Aazyhmsusulse

vV

Foyaliiufagiu (Update Object) uazgansazilumsiiudayeuss Object Uy Mgy
Vo 1 & % o % A o ¥ a ' .

Fhvimauazau ) hldiuludayavesyanafiszuumasdaanag (Collect Object’s
Attribute)  tlannyanafignaTulagnUuszinanalog@fnma ssuunazanieidu
Finish Round tWa¥hmshae Object Miludesuniuaan, tasuaaIusung Object Milign
wuluisudaguu (U Inactive waz Lost sanludeaaanamsagluiWsy Life Number
wazna e luannsy Lose Number #aludinindudnsunsasmaousang queq

]
[ )

a a v cqll L) " v L4 d' c:
AONINANOIN (11401113%14%@%Lmuqﬂﬂmnmq) ﬂi‘l‘VlLLﬁﬂQi‘L!ﬂ']Wﬂi$ﬂE]‘U‘Vl 3-21
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Unknown 1
Lnknawn 2 Object Tracker
P 1. New Object K o \
obj 2.Update Object Finish Round
3. Collect Object’s Attribute 1. Destroy Object — Noise
2. Reset Status
3. Set Life &Lose number
Unknown 3 —
: . Tracked Objects K J
(] J
Unknown N

mwlsEnaun 3-21 MwnMsnuzesssuudamuluyuueufed

(1) msd3suLiaua Error 58%379 Unknown Obiject WazTracked Objected (Error -

Comparison)

naumsi3auiiisua Eror dnghaglussuunniu %Lﬁuﬁ'agaﬂm Feature Set

q

F, . ) nauvithuaznznanlusiivadulsedald Teadeasaausiuiuennu NHa tie
Ob] U 9 F
o ]

hanwde wazmenarludinu CH; Monvaziianihnu NH; fla Zeasgnihinmae

MNUGADYTiaYeN Feature Zeaslludunuasing i lussuuiunueig F g,

Toglussuuaziia Error 8¢ 2 Usstnn eNansuzwsd Feature A Distance Error
1az Color Distance 1089z38UTiBUMNAVBIUANLHITENIN Fgpy W2 Fopj (Unknown
Object) Taea@ 1509 A284 Distance Error (g4) MUFNNITN (3.52) Waz@Iay Color

Error (g,) MuaumMs (3.53)

&q = \[(ﬁobj [Xh] —F avg [Xh])z + (Fobj [Ynl —F avg [Yh])2 (3.52)
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b b
& = Z(ﬁobj [m(c)] _ﬁavg [m(c)])z + Z(ﬁobj [p(C)] _ﬁavg [p(c)])z (353)

(2) amuzwaﬁmq’lmzuu (Object Statuses of System)

1
= a

1mm‘31{7ﬂﬁ%uﬂmmuzwaﬁmamnmﬂmﬂus:ﬁumﬂu 5 d0uziuanemeny lag

q u
]
[ =]

sxUAEfidLAUM Lose Number Htsuanihingiiesgnasawutiumealininssuuuy
whlvg wos Life Number @a erivanhiaguinanlumsinuwhlvidsudiEuuazliou
Sradlatagmely a6 Lose Number asfiumnmannlumsilasuaniusuasingiioglu
szuu Tasduvaiiasgnasanlusidadssinawanningiihanlulsuadadu uasiing
N32UIUM3S END Round #ingitasgniacmaluszuulign Match faglign Stamp
Round ID Bavhlininglamely visTaglvudgndamueg viaTagluumeliui
ndUIN BesruufagtininAsAm Lose Number wae Life Number 930 1U#4 Reset aonusuas

< (% = a I o X
Togea lussuu Jamuzvesingiigniamulussuvudy 5 aous 6ail

- Active Object #a 30gfiusng o Jagiu wiamaluiantiesaraaz Lose
= 2 < . o . '
Number tUU 1-5 tWSN Z9919926@eLUY Inactive %38 Initial NINDU TLFAN

I~ o [ c:
Wudey aemwlsenaun s-22
1 Y - |

mwUsenaui 3-22 @881 Active Object iLdaslaansaudidien

[

_ o a 4, o o
- Inactive Object #a Jngiitaadnanluszuu uadagiuliaglumsy

o« . Pl [ o v Ao [] v <) . S |
- TInitial Object Aa Ingiignauwulnindilignasianuindy Active n3ad

ANNAMEAY Inactive DULHBINININTAYENN Feature laipan dagldaiive
8WLANColor Descriptor 1 LNALAENAY Inactive/Active Object Z9LA8ATINTULA

wiaanazluingiiduyaaalmizeliteaiininluszuu Taadl Initial Object

< °

tlagnawtanainaridsivuanazgniluilIauiiisudnasenu

U

=~ J

Inactive/Active  Object  Wndslalanazdiatiniuyaaaluiizslawadanly

SYUU %4 Initial Object Azuaaludan aamwilsznauh 3-23
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Mwusznaud 3-23 AveN Initial Object NLdalaansaudz?

Noise Object Aa TagnimelunInwsnuIu 2951 Lose Number g4 wastaad

dorusttlu  Initial AU ZFNDIAANNNMIHAMNINNY ¥IBIAANNN

FISUMUVBINNANINGN

Lost Object #a I0gitasiaaruziiu Inactive Object wazaluuutiuei

szuunaly

[

MINN 3-6 dsUanUzTBNIAgNMaNGAAIN

daug Aadue dgouznau | a@onuzan U A ldluns
g Wisufaau
d0IUSLON
Active | Wuingiifaign@iaen e | Initial, Wamneld Distance Error
Jagiu Inactive Franile azdly | 29089 &
Inactive Color Error
F 1NN
Inactive | Wuingiiteagnasiadudu | Active Wamellwu | Taid
Active luszuuualaidsng (B 3 %N, 3D
o M &y
Tutagliv REUTEATITION] |
I
aznaneu Lost
.. [ N Y A vy . i
Initial Lﬂuamumumuﬂlugn i Active(New Distance Error
wuhdluiagieedninly Object), Active | ZNUAU
ssuvu sl Initial nau (OLD from

LAAHMSNNSNDNATI

Inactive)
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a0u Aasune douznau | aauzenll A ldluns
% wWhaudaniu
FOIULLON
. S v A . o -
Noise Wwiegniluvezwesszuy | Initial samsyane Taisd
gty Initial AUsIngaulal Destroy \iia End
1 g ldwuduninn Round
STUUMNUA
Y p =) <) . Ty ™M o Ty
Lost Togieadaanuziy Inactive laidi weiliign | laidl

Inactive Object LLae¥ aly

a U c: .5’5 Vv
AuMNszUUA LI

Mane e9imMs
s v v o
udayaliive

f9Adau

mlagagUudringidninlninssuulidan (Match lainsaiu  Active uas Inactive

luszuv) ae3udu Initial foY {8 Initial §n Track LAZBWLANIUATUIZEZIANTIAINUA

%Qﬂﬁmsmwﬁnﬂ%'ﬂﬂﬂmsl,ﬂ%ﬂuLﬁﬂuiwﬁqmauﬁamqﬁ'ﬂ Active W@y Inactive 38 ly

wnassihmsanenuazluduaaus winliasenazimsaieingaumnviidu Active

@3N Active MalUansussazniia Wy 3-5 sy Zudiudazivue azdadning

v & = & . . S a
umeluannszuufaznaaaausiiy Inactive wazvinn Inactive e lUuuanniazda

] 1o [ = K4 4 < v a <
MUY Lost LLazl?Ju']ﬂa‘UN'] Match an LWI‘ZIE)HEIENﬂ\‘ILﬂ‘UIﬂuSSUUBEI asnasuau

MA5FINVN Object MUMWUIZNDUN 3-24




Not Matched with Active/Inactive
Matched with Old Initial (Not Full)

Unknown
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Matched with Active/lnactive

-> Become Active

Initial Object

F avyg

Fopj

Matched Unknown
(Itself)

Lost before become Active

Tracked Until Full & Match Again

Not Matched

Active Object
New Objected

F avg

Matched Unknown

(Itself)

Active Object

F avg

Matched
Active Object Noise Object
Rematches .
Inactive F avg
F avg
A When END Round
i Of Tracking
| Deleted

Lose form tracking a few frames

Inactive Object

Matched Full
Initial

@ Favg

Lost Object

Lose form tracking very long

P N L4 a [ ] v
mwusznaun 3-24 N%‘mmLtazamumsmtﬂaauuﬂawmmqwagiuszuu
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(3) MaUszananaingnil 1IN lunwsumw (Processing in an Unknown Object)
M3U5EMIaNANY Unknown Object fiinanlvainaglusuiuingniiagluszuuns
Initial, Active 48 Inactive Ax68911A) Error Jngiiiaglussuuyniuwazmsldinasiiive
Wisuiiisulumsaadulainiaguuduingieglussuuviala
TogluguusnszuvazSaudisuingnuenin ninuingyaniia 9 (Initial ¥58 Active
o . ' o o v Vo o & o o VoA
%38  Inactive) l@gv@) Error 28930 gninanlvinuiag lugaiunndd wastdanmni
Error Miasfige lagaziimsldamniandy Gauds (Threshold) WWunausd FedFauiisy

] ] ]
=1

uAiisl Error Mitieaiigauailitiuadouifiaglifaziiad’ Matched Auiagiiden Error

9

N

asiga wniiuamnaslifasiadny Miss Matched AuInggauu 9 laams Match Auing

1 %
= L4

@919 1Y (Initial 158 Active %38 Inactive) 3215 AAUUINGNAUNIZLAVBIA Error

RS, D

wazA) Threshold GRNBFUNEMNIMTNN 3-7
M917 3-7 a5Un15 Match N1%@1 Threshold NeNNAUNIBHA2BAT Error Uaza
Threshold

d07ush Match FHAVBIAN e lasUssann tﬁandwﬁﬁaﬂﬁqm

Mg Threshold 0

Distance Error

Initial

Distance Threshold of
Initial ( TIEG)

Distance Error (€4)
2WNNUSENINU 50

)

Active Distance Threshold of | Distance Error (€ d) Color Error (&€ C)
Active (Tagg) FINNIN-NIN
Color Threshold of | Useaned 50-80 wag
Active (T aé€ c) Color Error (E.)
ZNATN 100-200
Inactive Color Threshold of | Color Error (€ c) %2 | Color Error (€ c)

Inactive ( T1AE.) wau Uszanes 17-30

Tasaguud lussuuazdian Threshold 4 é filFeemnsziu udued Match fuye
283 Object 1o §ail
-Match AU Initial

Distance Threshold of Initial ( Tiey)
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-Match AU Active
Distance Threshold of Active ( Tagy)
Color Threshold of Active ( Tag,)
-Match AU Inactive
Color Threshold of Inactive ( Tiae,)

(4) M3 Match Unknown Object i N Initial Objects

2} o A v 2 v o ' v =2 A

Wasnningihinluwsuusnisadayadeavazliasunnaiu Fediarany
wdsdsiugeann 1 udpiaay Initial :9AM Distance Error (£4) 108UUUINTLUUALH
@ Distance Error 533 Object i AUy Initial Object ficnwnlIudrluszuy wazihanm
@ Minimum fazlad@1iasfige minjey) of k Mty Initial Object MnUUlFLNAI;LND
wWisuiisulumsaadulaiiaguuasiiuiog k wsalid muaZauis Distance Threshold
of Initial ( Tigy) ZNUFNMNMWUITZNBOUN 3-25

Match Unknown Object i with Initial Objects

Unknown i

Fobj

A 4

Access £, between Object i and All Initial
Objects until Last Object

A

Find minimum & 4 between Object i and All
Initial Objects

Not Matched any
Initial Objects

If min{€43} ofk<=Tlgy

Matched with min{ €4} of k Initial Object

Mwisznaun 3-25 35115 Match Unknown Object i U@z Initial Objects



(5) M3 Match Unknown Object i U Active Objects

Tums@amu Active Object HuFnTun@aeldne M Distance Error (g4) wae Color

Error (¢,) l@# Distance Error (£4) BNN81N-NTNINTIZ Object iMsiadaunlunsu uag
[ v 4' <~ [ 4 1 S = (% 35 = U

Color Error (g.) 300N iaduduanugndasinlunudeniu laszuusnssuuasiam
Distance Error &z Color Error 5% Object iﬁ’U“{‘lﬂ Active Object amwnaliuaalu
UV wazIMNWIA Minimum 289 Color Error Hazléetiasign minfe,) of k ity
Active Object Mnuuldnasiia3auiaulumsdadulaninguumsduiog k wiali
MNAIYALUUN Distance Threshold of Active ( Tagy) waz Color Threshold of Active (

4 4
Tas,) WudmMuMwlseznaun 3-26

Match Unknown Object i with Active Objects

Unknown i

Fopj

A 4

Access €4 and €, between Object i and All
Active Objects until Last Object

A

Find minimum & between Object i and All
Active Objects

|

Ifmin{€,}of k<= Tag,
&min{e }ofk<=Tae,

Not Matched any
Active Objects

¢ Y

Matched with min{&€ .} of k Active Object

MwUsenaun 3-26 35135 Match Unknown Object 1 LLaz Active Objects
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(6) M3 Match Unknown Object i NU Inactive Objects

Tun5 Match Inactive Object ﬁuﬁuﬂuﬁé’aﬂ%’ Color Error (&.) ijaqmn Inactive
Hhfagitmesannnszuuluud lildaglumsummn 2 Color Eror (g) asiitauau
anLiafuiui nactive fivnzasnlundusnad ) Taeduusnszuuaziee Color Error
5¢WIN Object i UMD Inactive Object fidnaliudluszuy wazih e Minimum
284 Color Error ﬁﬁ)zl@’f@hﬁaaﬁqm min{g,} of k MY Inactive Object MnMUlFNaIiLNE
Wisuideulumsdadulaiiogiuasdiuiog k wials suadauts Color Threshold of
Active ( Tiag,) Faugoamumwisznauii s-27

Match Unknown Object i with Inactive

Unknown i

Fobj

\ 4

Access €. between Object i and All Inactive
Obijects until Last Object

A

Find minimum & between Object i and All
Inactive Objects

Not Matched any
Inactive Objects

Y

Matched with min{ €4} of k Inactive Object

Mwilsznaud 3-27 35MT Match Unknown Object i taz Inactive Objects

(1) mwsulszanauainmauazaninmuyaaaluyamafn
Tosnwuaasmslszananarasdamuuazanidiyanaluyuneudeiuay
FNFUEI IR Unknown  Object i fiazdhaudsgameiasaduldluyaiiy tuusnas
asndauldiaeiiingiignasaiulussuuviala winlafiazdaluli New Object Tvaiifiu
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Initial WINFDgRAANAUIAA Error 189 Object i waringiifagluszuunianue niuay
L‘%'N(;llu Match Unknown Object i U Active Objects ﬁﬁagi’luszuuﬁau winlaily 2L Match
U Tnactive Objects Wnlailafaz Match §re Initial (§wnnluszuusl Object aouziiu
8g) N Match assfufazhmsswianiayafiu Object an1uziu ) 9 Match a59/u ¥
Miss Match #2g¥NM5 New Object M3ty Initial wailunsdizee Match @59AUNY
Inactive Object wazNMIBNANTBYAUED NLNMINTINTDUARIIYNENANATUMNLI
fifmuaniald mnldfasgmib luiZsuiiiaudnaSaiu nactive/Active object mndalaild
fasdouiuyaaslmizsliweadninlussuy flduaasmwnumsUsznanafomuuas
whyansluyuuawin dedunaldmumwlsznaud 3-28
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Access to Unknown Object i until Last Object

Y
If number of Tracked
Objects == null
Calculate Error both€ 4,€ - between Unknown
Object i and Tracked Objects
Match Unknown Object
i with Active Objects
Update with matched
Active Object
Match Unknown Object
i with Inactive Objects
Update with matched
Inactive Object / L
Refresh to Active
Match Unknown Object Y
i with Initial Objects
Update with matched
Initial Object
|
h 4 v N
Create New Initial If matched Initial Object is
Object tracked until full-range
A
Match full-range object again
with Active / Inactive Objects
Update with matched Active Object OR matched
Inactive Object & Refresh to Active

i++ e

MWUsENaUN 3-28 MWTINNMTUTENIIHAAAMNULAZINNAIYAAS LU3HNBIUAET
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3.3.2 daun1sdanleadayaseninayaunaanaad (Multi-view Synchronizing
Module)

dumsienlesdayassnINyNNaINd s IMMINNIBIUAYAAATENINNABILDY

v 9
1

wardsdayaiidaslionnin w deyaiidonhluihfutussningssitadimmauss
Fayamsfamuyanaluszuy wazgaedansasadumsiiansuats Fadiums
dewlasdayaasdassalimalszmnanafiamuuazaniidyanaluyuuaudenaiadunn
yunasnaudvasiniluduiild westssinansludiuzashumsidonlasiayassvi
yuNINdad lasnnmnszuurasmalsznanadamuuazaniiyaasluyuueie
volieiadu feyaiidenTaviuaaazligndaweliauysalnuiinsaniiu duaas

ﬂszmumﬂumwﬂssﬂauﬁ 3-29

Processing at Frame: f
[

v v

Single-view Multiple Single-view Multiple
Tracking and Identifying Tracking and Identifying
Module: 1 Module: 2
Processing Until Last i Unknown Processing Until Last i Unknown
Object Object
R O 0 Qoo

A

Y

Check Single-
view 1 finish?

Check Single-
view 2 finish?

Multi-view Synchronizing Module
Processing Until Last i Unknown Object
Object Matching between Views
Assign Global ID
Overlay Detection & send Update cancelation
Display Tracking Objects
Next to Action Recognition, & Other Detection
Apps

Assign Global ID

Assign Global 1D

MwUsznaui 3-29 MnTINTasdIuMsEaNlewayATENINNNNBINADY

(n) §AUAYAAITEHINYNNBY (Object Matching between Views)

[y 1

dmSuMsIugsznayNNaeiuasdaaiimsaaiyNaeInan (Master View) tivatdu

maslumsTuanuyaealuynundsddu ) 1ag Master View 329na9amIaauausninnauy
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T,1J'5umuaﬂmuqﬂﬂa%ﬁwwﬂﬂmzL‘ﬁaﬂguﬁﬁmmtmus‘iﬂumit,tmLtazqﬂﬂalﬁﬁ %30
garnmuamwuaslundasiifianuniy vioaunwaaendasiia iwaaslHhlu Master
View %wuuamﬁmé‘u 238N Slave View
Toglusunaulsn Master View 22¥1m3 Assign Global ID 1% Active Object Auas
90 Local ID fifludiazsnnudnuin @y Msnwsmmsangudalvg @y Local 1D
Active = 1 Global ID = A, Local ID Active = 2 Global ID = B I RE YL TRIY APEPIE AR
Active Object Y89 Master View ﬁazé’uﬁaﬁwmﬁu@s:ij Active Object ¥aN Master
view iU Active / Initial Objects 204 Slave View logl##nyanasnaantiunsdniead
(Color Descriptor) ﬁﬁuﬁﬂﬂ%@d’]ﬁjﬂ %Qlﬁuﬂ' My, Mg, My, Pr, Pg, Pp Lﬁaﬁ%@‘hmm
Color Error (E.) 583N Active Object 289 Master View U Active / Initial Objects 284
Slave View danntiufiazinmsfuguasuanits Global ID Tugii Match asefiulviy
Active / Initial Objects 284 Slave View %qLtamé’aasiwmﬁu@'sw’mqwmmu
mwdsznauii 3-30

(2) MIRNTINAUNITUAUI Lﬁaﬂmaﬂmsﬁwmwﬁaa&a (Overlay Detection)

dlasnnmsuaiimdafauiuashlfssuuhaufionae Tasienniaguiediugn
uatarhlfenasdwandayaayanadu udliasnyuupweINT09NEa9EBITEULAS
iy 60-120 asendatulasdszinalumsnagaufanudiyans nszasiurh g
Temavliiimsuataies uazmniiamsuatainaziidnnuesingszuiayuuasiil
whiu aglHilunsanaiumsuatiedsiiedalszaanaldsas lasdiuns
L%'au‘[m%'aagaswiwagwmﬂé'm%mnaamhmuﬁhjwhﬁ'uwm%’mquazlﬂﬁwmsslman
Fayafignawanly Single-View Manue ugarvvsiividufiasfinsuaiaioduudd
nuiagszuiyuuasiondy fessuumsidandwandayalundasyunaslums
Matching 289 Active Object ithnsasiiaya Mansoidannsasdayaiiiien Color Error

WONEINNUNIN e'z’ﬁmmﬂﬂﬁmqﬁﬁwawwwaéSul,ﬁmmﬂmnﬂﬁgnumﬁ'q 29030490

aslaié’wmmﬁmala



Master View V
Object
ONLY Active

Y

Global ID: A

Active Local ID: 1

Matched to Slave Local ID: 2

Slave View
Object
Active & Initial

Global ID: A

Active Local ID: 2

0

Global ID: C

Active Local ID: 3

0

Global ID: D

Active Local ID: 4

0

=

Global ID: D

Active Local ID: 5

=He

Global ID: C

Initial Local ID: 6

&P
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Global ID: ? (Not Assign)

Initial Local ID: 7

SHe

MNUsENBUN 3-30 MBENMIIVATENINYNNBY
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3.4 MIRIIAUNINMNEAAUNG (Abnormal Event Detection)

av Ao 1w = @ @ e ' = a X v
MmAeiigajutdulunmsasadumemsaldng g nlianuhaula mevaieduld
Tuszuuthszluazguadiugann laun msasraqumsanari iaansatdoulign
‘N‘ k4 L4 1 <~ Y 1 = g I ‘ﬂ' | L ‘i!
Wendasaninsalimsdiawmaalaniuniieg, msasriumsluniiaiiiazaanudiemaass
Tuveasimsgassmsenudiemasaaaslisinsowmdsunlunaluiigunsaldedyano
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3.4.2 n5ANHINIINIELAM (Case Study of Jumping Detection)
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(a) M505I1UMINIEIAN (Jump Detection)
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@p = vy, — (3|6y. — 90| ) + Db, (3.67)
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@, = vy, — (3|8ye —270]) + Db, (3.69)
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ﬂ']"lll?ﬂﬂL‘Viaaﬂﬂziﬂilﬂ']’]izﬂﬂﬁli']ﬂﬂﬂlﬂLLa']ﬁl’]ﬂJﬂ"IWﬂisﬂaU‘ﬂ 3-44
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Send Hand Waving Signal

/ ammms———— @
) > T

a Detected & Response Sound

MWUSENAUN 3-44 MINNUTBITZUUMSATIRNUMSLUNN DDA NNEIHLYIFD

¥
(4

dmsunmsasumsluniienuiidenaluiFasunss aluveyunaddimanse
] a4 X Yy 1w P P v o & = v v v
Winneunisnduanlunldegndanuilasnnimsuati asussuuisdedlddayannuas
v | a d ' o ! v v v P [
YN INGIEM AN lagudasynnaaziauuendubinedaeiuiansady
Msluniia wazasihnaanszaensaIuINsuagiuuazafionIATIziAmAY

R A A a < YY) i
L"Zf’émuLWBEIuElu’J"INﬂﬁ‘ﬂUﬂNEWN"”] “ZNLtaﬂﬁﬂ'l’iﬂﬂNN']‘uﬂ'mﬂﬂ‘WﬂixﬂE]‘U‘VI 3-45

Single-view 1 Single-view 2

Human Human
Detector Detector

Single-view Hand Single-view Hand
Waving Detection Waving Detection

Multi-view Fusion

Confident
Weighting

Yes

MWUsENaUN 3-45 HANULFANNSLUNEIUMINNULNBATIAIUMSLUNID
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3.5.1 avavumsluniialuaamaaiasn (Single-view Hand Waving Detection)

Tumsasdumsluniialuynneadasdaditenzi laglddayanlannidrims
Wupuwasnyed lagasnihdayandrdgnlannmsasaiuyans mlannmsnsasums
P Yo (4 v v A ] a J
wasulmuazlasunsaansudyanusuniulumiden s.2 nldweldlumsiase

o a A A P v 1 a a < ' a v o v o
aﬂﬂmglﬁqwuﬂﬂaquﬂﬂaLWaWSQQQU’JWU'iL’Jm'ﬂu’]"ﬂgﬁLﬂuLLﬂua%luUiL’melﬂaLﬂENﬂUﬂ'ﬁHg

ntagLiNeale

19gMIIATLHENNINMTIATENNTINUUILBIYAAD (Placement Direction) 1

YAAaeag luuuInNg  (Vertical) #38UwI97U (Horizontal) tHa9mnenuvitiazaduzuly

1
a1

WIAMazkIUBLIzag Lumuntsiidiy Frhlddesimimsindnnueanluau
M3 laamsieisimsneuuizesyana wlddayadnndiussnin anuninuas

AN () TAUTAOIFNMTN (3.71)

o = (3.71)

c
, et
logfi ¢ A IUIUBENYBY Object

7 @8 MUIULDIVBY Object

% d’ Yo 4 1 1 Vv 4 a v
Waﬁﬁnﬂ‘ﬂlﬂﬂﬁﬂ@liﬁﬂ)uitﬂl’]ﬁ ﬂ')']ﬂJﬂ’ﬂ\?LLﬂZﬂ'J’]NQQ () LLﬂ']Qz’JLﬂi']%ﬂTﬂEﬂ"ﬁﬂ’]i

v
datl o

AN UNANIIYUA  (Thresholding) LﬁaszqiwmiawumﬂamﬂﬂaL?JuLLmGTQ (Vertical)

W3BWUN5IU (Horizontal) enuaNmsh (3.72) daduelemumwilsznaun 3-46

={ «> 1.3, Horizontal (3.72)

x< 1.3, Vertical —
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Blob of Object

L

Placement Direction
Classify W/H Ratio

<} <}

Vertical Hand waving Horizontal Hand waving
Analyzer Analyzer

MWUsENBUN 3-46 MINATLIMSIUNTBMNNTINKUILBIYAAS

(n) MTIATIEHNITIUNNAMMUMINT (Vertical Hand Waving Analysis)

Tuaueauilazdumsiwnsdansas@aiuivasyaaa laadrmniinseniiatie

Tuniiausnanduwausgluvsnalnddaeiudsws Jdiinsluniiafiinseuuives

v
=i

YAAAMNUUINT 9291 1HUSDMEIUUUYEY Bounding Box of Object Hdadufilud)

yanatas wnzaziuauinanduwulnng

1
g

NSUNTZUIUMTATINIVIL LEMTILATIZHLALNITAIAAUANIINUA LNDILATIEN
v v . . [ [} A o oA [] ] [
PdmuuYes Bounding Box of Object tududfiuzulnngagusali losuvauiy 4

JUNDUVAN AD
(1) MIAALRNZFIUUUYAN Bounding Box of Object

luguapuiinzidumsdammzainiun 11y 3 2899a7NE9 UazANNNTIN 100% 289

'
w =

7 Bounding Box of Object Fazlauinamiuduuuinhlymidaduidudiyans

fanuNeall FugaamadtmumMwlsznaun 3-47
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Crop 1/3 of Height

& Re-bounding

=) L

MWUIZNAUN 3-47 MIAARAWIZEIUVUY DN Bounding Box of Object

(2) M51dmUnLae Bounding Box of Object 1 Project luuuIng (Vertical
Projection)

v
[ ° (Y

naannlanuiamzdiuvuuaInazin Nufuuan Project  TUULUIAIMINTNAIT
(3.73) Wz Normalize MEMANNGWBINUNRINZEINUY uauMIN (3.74) leadue

MuMWUsENDUN 3-48

n
Woer() = D FUGN) == 1) (3.73)
v j=1
~ . &
Toen i P8 wan
j Aa vian
n A9 MUIURINNINNG
m A9 MUIULDINIVING

W,er () A0 enhutinluldsaetuluvand |

Wn_ver (1) = VVV—:;(]) (3 T 4)

Apply vertical projection & Normalize with Height

>

mwisznaun s-48 MIhaUuULeY Bounding Box of Object T project Tunwas

(Vertical Projection)
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(3) MamuIUmMMANNMINLLILEaINUTIB Bounding Box of Object 310 Vertical
Projection

{lums  Integrate  druginn 77ign Decomposition eaglugluuuaes  Vertical
Projection wazmsesiuiinanua iioudazmunudisanumnuivlundnuie qaas
finuga Seanansonuiamaiuiiasyaaaiifagludiuuuues Bounding Box of Object
AN Integrate 1é'muaumsﬁ' (38.75)

_ 27:1 Wh_ver 0))

Ay = - (3.75)

I3

(4)  meNziiassynsluniisaawunl lagldnsasanuriniivue

(Thresholding)

1 v 1
3 1 Iy = I YV =

Wumsitenzihiidadiuiidudiyanadaiuninnntdasiiasle mndidesniien
2 [ Ay o " v < ' a v
Threshold ~ Zutudfildarnnisnaass Faiinu 0.35 AuaaeiudnmaEINULYY

Bounding Box of Object Huthaziiuzungnduviladsuzag uaameannsn (3.76)

Ayer < 0.35, Detected

Aper = { Apor =035, ———— (3.76)

() MIANEENSIunNaNLUITIU (Horizontal Hand Waving Analysis)

Tuaumauilazanyasmadensianvaz@inunyasyanaadaiu MIIAILENIT

A
[

=~ gj 1 = o ] d} ol 1 c} Y o’c: 1 L 4
Tunfiamuuung uaazdauaaumsmeuriuinafadIuuunliinsevnaanu laaa
= = d} =l = l:: < 1 = Y o L = lﬁ! Y o s d’
wnimseniiaialunfavinanduwsuegluvinalnddesniudsys eaimsluniian
HNTNUNPBIYAAIMNLIITIU Az IHUSHMEINULZEY Bounding Box of Object 3
o ] A o 4
daduniduayanausain

1
L)

IVSUNTZUIUMTNTINVAL LENM TRV LAENTAIAIAUTNNIVUA LINDILATIZT
T&EIMUUYEY Bounding Box of Object ludunifivaudnngagvsaliudeinums

JezvmMsluniamuuind loautaudly 4 2uaaunan Ao

(1) M351 Bounding Box of Object b project 1uuuI51U (Horizontal Projection)

] v v
v @

& & Ao A A . | o v
Lﬂuwumau‘nmw 'VWN']G]QN'] PI‘O]CC'[ GluLLu’JSTUGnNﬂNﬂ’]TV] (3.77) ﬂ?ﬂglﬂ

Horizontal Projection a4uaae@Iaglamaumwisenaui 3-49



105

m
Wior@D = Y fUG) == 1) (3.77)

, i=1
Toen i A9 um
<~ [
j A9 an

n A9 MUIUNSNNINNG

m A9 MUIULDININNG

Whor () A8 arihmiinlulusiaazguluwein i

Apply horizontal projection

—)

MwUsznaun 3-49 Horizontal Projection 2849 Bounding Box of Object

(2) MTUANLHMEIUUUVDY Bounding Box of Object MUMLFNINAILBY

Horizontal Projection

iissnnyanafiaguuinuasiidnuazmaneilunassluuuiedadling
Annzimayamiimnsanielfldudnuauuunas Object fuviade ludunauiiazm
AeUMaBe Horizontal Projection fINANINTIFA wazdaduau qaeeelu Horizontal
Projection 88n Waz Normalize §28fAIXN319989 Bounding Box of Object MNENAI5T

3.78 #azlavsnandudruvuivaih lumidadrunilusiuarasaiunias LU
L}

LENIAIDENONMWUSLNBUN 3-50

Wn_hor(i) = Vl/ver(i) (3.78)

Crop with Max value

& normalize with column

e

MwUsenaud 3-50 MINATLHAMEIUUUYBY Bounding Box of Object lagld Horizontal

Projection
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(3) MIMUNUMAANUNUIUUUAINUNYDY Bounding Box of Object 210

Horizontal Projection

{flum3 Integrate dIULFAZUDINN Decomposition Feaglugiuuuas Horizontal
Projection Tuvsnadiuuures Bounding Box of Object ‘ﬁmmzzau LL@%%WSﬁjﬁlﬁuﬁ
v TasudazAmas  Horizontal Projection wnudsamumnuiuluuainii uas
finuga Seanansosiamaiuiiasyaaaiifagludiuunues Bounding Box of Object
beANNIS Integrate lﬁmuaumsﬁ (3.79)

LW, i
Ahor =Zl—1 7;Ill_hOT'() (3.79)

J

(4) MmIwaNzitiaszyumsluniaansuuivey logldmsasarnuiniivua
(Thresholding)

1 v 1
3 1 Iy = I YV =

Wumsitenzihiidadiuiidudiyanadaiufinnntdasiiasle mindidesniie
Threshold ~ Fu¥uANlaINNITNABDY HAINU 0.35 AUFAIINUSIUTIUUUVDS
Bounding Box of Object WuihasHuzungndunilausnad i lunnnuag uaaaes

dunMsh (3.80)

Apor < 0.35, Detected

AhOT = { Ahor > 035’ o (3.80)

(@) msavasumstundialagldnmsienziarianuiulannvarayusas
(Hand Waving Detection using Confident Weighting from Multi-view)

NAINNNEIULBITEUUATINTUNSLundia luyaneaden (Single-view Hand Waving
Detection) 3LATIEHLNBAFIIUMSLUNTHBUED T8UULINAANEVBINITNTIATUINNA

o a PR A D o P v =~ ] v
yuNpuhgINIeNsihanuetuhiimsluniamnniaaiiedle lagldanaansuas

d‘ <~ g !

mIasaunnsutaglivuazafniniensitiieduguniinsluniiasse | wasanuun

o L v = Vv <~ 4 d' d' a 1 4 1 L= '
%mmsmamummamLLasLmeaulﬂﬂﬁzuuauLwammmalwmmmamaamalﬂ

IS 4 T a =) a v s <~
Tagnstiuduinianisluniiaaseazdsznavlials 2 aedusznauda aansa
M3729UMSLUNRBINNNYNNBILALD WATIZEZINNTUNGBIUIUND AIUULBIZUY
anvdulanimsluniialunnyunastaziiumlihluwnssdagduiensluniia (T) uas

winasadauuIuimslunialy Sequential Result Mnwsndagiu fi uazafinaniiuy
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Mlidunu fn usiiisannnim3awnnu Threshold (T)) Hazyhmsaausumeideauas
v Pl v ‘:: = 1 G @ 2] < o

ududau lagd T, NWNzannnMIMAaasfainNIIawnny 2 wazfn Futuinnu

history 1 Sequential Result MUMLHFNIINMTNADDINAIMNNUY 5 FILFONAIDENNIT

a5193ulamumwlsznaun 3-51

. All view Detected .
fi—4 fi

—

F FF T F T » Sound Response & Alert

(_)\_\

All view Detected

fi—4 fi

F FF F T F = No Action

All view Detected

mwlsenaun 3-51 Megnmsastulaglimaiensimanuiulannovaeyunes
3.5 a1
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n- g%
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@hmmﬂu’f}aﬁawmﬁmaumﬂimﬂmsmmmy‘uum wazladayannmsinanugnaas
Tumsswhmasluudasyauns gAML Confusion Matrix Bnvaldihiauamsia
mmalagnsihiuilaslussavannnuaeyanas loglduuudasemsihiunuue
105 Huteiuiiile Encode Winasadluawasluyuuaadsuazihliihiuieusulys
uilaslvTosldfayannnasyuuas Nniunnnesaasilmedinaiasgnin lulily
dumpumaFauiaeduazusnuss iaminsaanihinliflumsisnihmedaly wenanil
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eze

2

s@ififyaaadanlufiuiiinnnihuiau iaduduaaasevinayunas wasdiseyldly

9

Wasduidiyeealathai-sanluuinanitensyd lussvunsfamuuazandian

<

A v oo X vy o ' PP v X vy A v A
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ihanlFlumsusnuasudasyananslundasdeiunassswinendes ffianudusauly
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unii 4
NanNIINedau
dwiulunamnaseuaznanisadayaillinagaunsdimma 3 gadoys ldun
PSU, NW-UCLA, i3DPost §031Aau2a930dayadmsumsanamuuazanineiunaa
PSU wasgadayaillimagaumsasaduhmaiiiaund ldud gadeyadmiumenaiu
M3nszlan PSU, gadayadniumansasumsluniiszannugiawmas PSU lududan

3203U18i9ITMINAFaU NAaNINAFBY waTMIILANRluTa 9Zeldun nsdh

mynalaemsihgudeyaluszaugannumeyunss, Mmsnagaumssinmmalasnsihizy

vV

FoalUTZAUGFNNUAN YNNI, MINAFBUNMTANMNNUALINTIIIYAAINNTIINNTAEY

YNND, LATNITNOFIUNITANTINRNUMNNNRAUNG

q

4.1 qmﬁ'aadaﬁ"lw”lumsnmau

4.1.1 qmﬁaa&aém%’umsﬁ'ﬁwhma PSU

gadayadmiumsiiima psu [96] Usznauludeddlammwindaulmansims
ﬁugmﬂmuquﬁ 4 M %!qgﬂﬁuﬁnmn 2 apmm‘*?;u,mndwqﬁuiﬂﬂlﬁnﬁaqﬁLLazﬂawuﬁn
(RGB-D) Tﬂﬂ%ﬁiaﬁaﬂluqﬂmﬂaauLﬁmﬁ'ngﬂﬁuﬁnw%'au 9 fu waziinsidenda
Uszanumana 1@ 590y (Frame Synchronized) ‘vhmqﬁugmﬂamgwﬁﬁlé’ﬁuﬁﬂﬂixﬂau
Tuée du/du whils e washueu Tasdl 2 mnfuandeiu de anlufeahau
uwazBnmnwildluiastiadu Felduaasdeiaslundasainuasmanssnadiunaunes
mumntu 9 lumwilsznauii 4-1 Tasmnludashauasdismms 5 yuuaman
Taun i (0°), @eamanth (45°, 315°), 919 (90°,270°), HENManad (135°,255°),
wazwds (180°) dhumnluiiasraduiiy afynuasiidaiiiasiunn 9 yuuas dosan

uananagluganasavaziedaulmlasdass losazuiuminlumedunih

ToanaaennuannaseyaNadazgn Gaaalimilaanyn 60 aee AU LAY o

#DAFAYBILE 2 (NG laeNTayaWFLazaNNENNNUAIENNNBIRzgNUUTINAINNEDIN

(4 ]
[ =

' = A Aa @ A a8 w
28N MNNNIY JTHNNBDNN qmmmim"luwuﬂwaﬂa mumlﬂﬂwinmmmnu T,(?]Eli‘és’ﬁw
o = 4 A A 4 [ L S v v
MIMNUYNTZUUUTENIU 3 DN 5.5 LGOS Qﬁﬂﬂai’NLWB‘VIQSlﬂﬂ’]WLG]NGI')?IBQN‘l;!HEI (7]\‘11(7]

uaasLIudrlumwdsznaud 4-2 Teafianwdildiuiinanlugamwedaululu aziianu

ALLDHA 640 x 480 LUAUSNNWANNINNITLOUANNALLDEN 8 UAE 24 TR TNNANN
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= B: " v W = 1 o W 4 IS A af L4 '
FLLUANLINUNUNINE IuLmazmﬂ‘umqmsmwuI;Ju,am 3-5 AU LLa%NlNuBEIﬂ'J'] 40
o A @ a v o ¢ & A D] o
LW’SN‘V]L‘IJUW‘L!‘W&QI‘L!GIEHLiNGIU?lﬂQa'IﬂUWiQﬂTSm WaNATEINNTALENITATIAUANN
& < A o o Vet =
Lﬂaaulm IWBLENNUYINBDBNINOIUAAD IﬂﬂW\lﬁNLi‘l’lluLLmagﬂﬂ‘[a edUszann 8-12

WsueadInn
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Back 180 0 Front

270
Left

() MNAIBENNUAZNITNIEAIYAIVDI (2) MNAIBENUITNTNITZNILAIVBIAN LU
yunalumnviaerinny VLRISIGH!

MNU5ENBUN 4-1 MBENYBIMINTNEDWRYAYDYS PSU

~4-5m.

mwisznaud 4-2 Msfeasndsuiiatiugadaya PSU
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(n) Mnluriaeinau

NnMndsznaud 4-3 waasdaurursluaniasrinu Taenindes 2 dmnvhyuan
nu losyunindasdludyanadi 5 yuwas laun wih (0°), Weananih (45, 315°), 99

(90,270°), RE9NNN9 (135,255°), wasnad (180°) lasiaruiuzaawsunnseyn
¥ 8,700 5N Nlasanesw

< 2{’ [
MUUMWN U
) [y |
Kinect 2 [ i Rear (180°)
‘—”"( Ovwerlapping Viewll}
) ! (Area of Interest), ! + Rear-slant (135°)
I o /
| \\ 90 / | X
—__ Lo
T o 4 Side (90°)
- 4-5m. \ -
\ |
S I * K
— Shnt (45°)
~4-5m. Kinect 1 Front (0°)
[e———————

(") ()

MWUSENBUN 4-3 UNUNINIHAAIND DA LUV

(M) UWHUEINMSAARINNNNG (2) NNNBITINaDT Y

#9eYAAD
(2) nluranissuy
Tumnwasiaduazi 1 ﬂﬁaqﬁgnﬁmuﬂl’ﬂﬁaéﬁuﬁ (Kinect 1) uaznaasaneaniia
fudsumsrhyudundasiieddud (

1 (Kinect 2) Toafinsyhyunu 4 wuu laun vhyunu
30°, 45°, 60°uaz 90° lagguaaainmeazaninsatndaulmlalosdassluyunssn 9

meluiun Tessuinszynmmananye 10,720 sy (dsudansuniduiunas) 9

asgnlzlunsussilinuaznadauiina 3y Fuaaunuiszasmn luisenaauma
MwUsznaun 4-4
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|t
V- |
Kinect 2 90;— - “; Overlapping Vlewl |
| \ (Area of Interest)’ |
ry T ! / |
| f
!
~4-5m. | ;|
;|
|
-
Kinect 2 60°
Kinect 2 45°
Y
Kinect 2 30° . -
~ 4-5m. Kinect 1 (Fixed)
|l »|
I« >

MWUIENAUN 4-4 UNURINTHNAINE DI LU DIUILAY

4.1.2 qmﬁaa&aém%’umsﬁ'ﬁwﬁwmq NW-UCLA

Ao NadINIUNITIIIMINIG NW-UCLA Miludaya 3D a1nuarayuus
(Northwestern—-UCLA Multiview Action 3D Dataset) [69] ‘[mmﬂuqmﬁasgaﬁiﬁﬁagamw
= a Ao v W <1 P v =] v o v
RGB, Mwanuan 8 Ua Mhdgyansaldmniuaunied uazdayadiuniiages Skeletons
Togl#ndns Kinect v.1 Srunusmudnnyuussiuananulasngunamsalluganud
= L v 1 1 v 4 a <~ = v a <~ g
Wendu Ysznaudiayme 10 e laun duvBiveesiiaden, dwwBuzasaasiis, fiv
gavadlunazey, Wwulusau 9, 1989, Huly, aINED, 0aaLED, 2319YR9RN0NEY, Lazen

Saa Tmalmma“mmwvwﬂmammm 10 AU mu,ﬂmmaznﬂumwﬂsvﬂauw 4-5
-mnmr'u ‘ - = T | ‘

Sit Down

Pick up wiith Cne Hand Pick up with Two Hands Drop Trash

L GO TN PR 7
(| ol i |

Stand Up Donning Doffing Throw Carry

mwlsenaun 4-5 MetnmuwgadayadmiumsINMni NW-UCLA

a v ‘q:/ =8 v = d' I~ 1 ngl’ Cd v U 1 a &
Togluniidelasisdayamwanudniilunmeiugiueesyed laun /gy
10BNNNNMEUTULILIAUTBU 9, 1IN NENANBBNINNNTNINAILILNEUTY,
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u

v
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%

U
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fgndaaninnnihiuiuzasiadenuazaasiia tialidhiurimezadineniinug
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4.1.3 qmﬁ'aa\gaém%’umsﬁ'ﬁwhmq i3DPost

Fopyadmiums3me i3DPost [97] Wugadayannwdniuaasinmeaanysd
;J L4 35 v v c‘ 1 v ol 1 v
nlgannisaindee 8 arluynuasiiuandrenulosfiyn 45° 531Inaes (au
d‘ = r_': d 4 4
MwUsenaui 4-6 wagr 4-7) wazinisiyandaUszarunenaliaseiy  (Frame
Synchronized) 1ag 1 MNTNUNA 8 AUILINMNNGN YUY 12 A9 lesninudasazi
% ;J 1 v cgl] v ‘d' v v = cgl] Q‘S‘ J v o v
naafiuanaNiy @eruand iy sinlidunduazdemanuandnudneie 4o
dayavzgnuiaiy 2 7o lasdiduvisuandniy 2 s losudazgaazlvdeyazas
:31’ [ = o kA v & Y o g v &1
MWANUNAI Zeazarnsohinlilunisasiadunsedaulnile dmsugadayail

Usznaudmeavnmeasil iy, 39, nszlaalddunih, Ay, Tuniis, nszlanadiui, Wauan

HUTU, AINNAN, LHULEINUG, IUINTLLAALaNPYN, IUdBNIME way fulipAudY

MWU3ENBUN 4-6 BENNYNNBIUBNYAYBNAINSUNMIIIIVIINN i3DPost [97]

-
J

MWUsENBUN 4-7 MBENINIMINUFIUYNYAYaYAdINTUMITTNYNINN i3DPost
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td

4.1.4 °qm|aa‘ga&‘im%’umsﬁmmmmxw%w‘i’mﬂﬂa PSU

v At [ 4 & v 4 v a = [~ &
71ayjaﬂﬂumwmaammﬂumﬂwawmuuau IWLLENG'DQGHN‘IJﬂGI UNASLAUN

doyaWFLarANNEN NANNAzBEA 640x480 WNra lagldndasy Kinect v.1 370 2

Vv v
1A <

a v @ o P PRpRPA ' = - & v
HNNENV]LW]ﬂG]’Nﬂu IﬂﬂuﬂLLaﬂQﬁlglaLaaW NUENLONAINNUY ﬁquﬁgﬂgﬂlmuﬂﬂliLﬂUﬂaHa

avagluszes 3 89 5.5 AT WazINAANINGaIdayeINNUEAIN 180 . taliany

v
I

anlifimagaidouasldfayaiifudiumasiumaldasudududnisisus Tosgadoya
dwdumsdamuuazaniidiyana pSU  ilsznauludeidleidugadayaildlums
nagauinmuuazanslasdnluluszuuassazay (Single Tracking & Re-identification)
fifi 3 Datasets wasgatayamsiamuuazani laailulussuuasiazaosau (Multiple

Tracking & Re-identification) 13 2 Datasets

TasgadayamsnagauiamuuazanilaainlUlussuuassazau (Single Tracking
& Re-identification Dataset) 2¢HYAAaNUAN 5 YAAD UUGEA: Dataset L08UAAYAASN

anwaedENUANEINUTAY laanadaunavug 4 N s Buusstdu (Standing &

|
~

Walking), 19 (Sitting), A (Bending) tasuay (Laying) T@ﬂ%ﬁ%agamfﬂu Video %@

wsnilowdnluTvssuu@aauuazand (Identifying Set) Toaihluassaznilsau wasygad
& o i v v P o a ° .

saulugamsnagauvasnnitlaudayagausnin e ldssuudamuuazandy (Testing

Set)

sugadayamafamuuazaaiilasdnlulussuuassazaasay (Multiple Tracking

1
=l

& Re-identification Dataset) azfidayafiillu Video gausnawdnlulssuuiamuuay

0% (Identifying Set) TaeninluasaasnilnauzuiieIny wé’mwﬂﬁu%ﬂuqmmswmaau
& . v A 2 a

Togaziilu Video noaaulaadn lUNasniNeuauasUdaIny La8asnadauNtA¥aNIzaN

N6 9 luvane (yanesudanumsnegaulssnnusn laguaasyauaddayaasisy

nnmMshium ez liinsuataina lissuua NS0 oM NLazanIN lanauag

Guulasuinmeluudasmsnadau lagssuuasiuanugnasRIIEiIM U 91hms

NAFU LagziMSAUNDFIUSUNIUNTINAFDUTNVNG 3 AS3 NMWUSENDUN 4-8
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mwisznauil 4-8 megmwlugadayanmsiamuuazaanleadluussuuaivasnin
TCEGLNG

4.1.5 qmi'aa\ga&‘im%’umﬁmmﬁumsnsﬂm PSU

dwfugadayadimiumsanaiumansslan asfunsdayanwduasanudn i
ANNAZLBEA 640x480 WNLBD 2 HANDITUANEIAY INNEBY Kinect v.1 Tagaziiluan
yosastidy Tilszazagi 3 89 5.5 Was ndes uashiaanugeagnazland 180
gy, eldenudnlifiimsgydauezlddoyaiifudussiumeldasuduaaudnds
Aswe

Toegatayamansslanasutiaily 2 Uszan fo nszlaaasiiiy waznsslaaasdnil
Toeluudasissinnazinamansslaags uazmanselaas 4 Tasazlégnadeu 6 au fu
fone 3 AU wasEMdN 3 Au AU NuAzAMNEIIRY Gaudaednunzeasdilunadey
a1t 4-1 Taelumsnstlaaudazguuuumanaaevazlinaslaansslandiq 3 e
uaznszlaags 3 a3 Teadiguuuumsnaslaadsil naslanasiiduyuuadii 1, nsslanaei
Wayawesdl 2, nazlanasdniiyuuadii 1, wornsclanasdnilyanedii 2 Tesudazguuuy
3znszlag 6 a%a (nselaaem 9 3 A5 waznszlanga 3 a%1) da 1 au INFIUNsElae
do 1 aufla 24 A5 ldnuesasmanaslaanivue 144 A31 uasiimamaalilaily
msnsclaatianagauanuiimzeasssuufiamastiudaunszlan 3 A58 wassIndems

Wagumasumsnszlaadnasa 3 a5 Mty 6 astluudasgluvumamaasy
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MINN 4-1 ANYULYDIENATOUMIATINIUNMINTELAA

HNaaaun anuae HNagaun anuae
1 4
2 5
3 6

4.1.6 qmﬁ'aa‘gaém%’umsmmﬁ’umﬂunﬁawamwﬁmmﬁa PSU

v At [ 4 & v 4 v a = [~ &
71aa&aﬂ%ﬁlumwmaammﬂumﬂﬂawmuuau IWLLHQG']’NGI’]NﬂﬂGI TALLAUN

FoyanWFLasANNEN NANNAzIBEn 640x480 WNLKa lagldndsy Kinect v.1 970 2
yunaefiuanany Fissezilslumsifuiaysazegluszes 3 89 5.5 was uazdine

ANNGIBITRNANINUNUENNT 180 Zx. tWalianndnliiimsgydeuasladayaniidu

duzasinmealansudiuasudnisdse: Tasgadayadmiunisasadunmsluniiaze
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1 P < = 1 v Py =~ a & v IS4
anuaae lagazitlunmsluniialumeis 9 0D HU/LOU U DU LUISUBU UNLUEON 4 AU

usiazauazluniialuynuaeuazuniananeny GauaaIeaIBeNeINMING 4-2

MINN 4-2 HIBENNMILUNNBUBANINTIYLHUADMINTNININGNN
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luganaassasaaumsluniaasutadumsluniialummei ugiuene quasuywe
loun 8w / @u 19 wau uazin wazvhd lunans qyune lealunsluniia 1 tamsalin
= %] v g; YV \ % v Y o v Y L4
#iM309193uld 1 aselidedszuuasaduld Tagldnmnsmasaulaglddayaaing
NAFIUNUIU 4 AU luueazaudaslunialy 1 MNN 8 A1 NNGaAUAalUNED 32 ASY
Toaluwdazynazinisluniia 32 ASILAUNY LAETIUIUATIANSNATDUNIVNAN 128 A9
mlgusaanyazeasnagaumsaasumsluniialilumsn 4-3

MINT 4-3 ANYULYDIRNAFBUNINTIIUMSLUNTD

KNagau anvae HNaaaU anvaue

= | b
w | S

H' ndUP Detect@

.

Running : HandUPDetection in Laying

Running : HandUPDetection in Laying

Running : HandUPDetection in Laying —| Running : HandUPDetection in Laying
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4.2 mswmaaumsﬁ'ﬁﬁmw‘[mmsﬁaﬁ’uﬁ'aada’luszﬁ’ugamnwmmgumm

4.2.1 ﬂ”l‘i?lﬂﬂﬂﬂtﬂil‘l!ﬂ??ﬂ}da PSU

dmSumnagavazlddayalumsnasauiduainasiavinnu lugadaya PSU
Togl¥aauiinasiiiniieUszanana CPU Intel Core i7 4700MQ 71ANNE 2.40GHz
waznIBANNTINEN DDR3 8GB lagnadauiuiudssana 8700 tisulaaiidadynunag
fimamnniuuazdanamsalludisnaidauiuiy TaamsnasaulFnarlumsiszanans
110 ms dwiumsiiimayunadidien, 240 ms dwdumsihiussaugmaayuued
TaglilFmsuszaanauuuzuy Toeil#ina 180 ms dwsuUmsUsEIaNALULIINY
Tosmsnasavazwiaugasdrumuuuuiiansmsiiu laun wuusassihiuasdu

(A4 [ < Y o 1 c: L4 d'
wastugou loswaawszaamsdhmmaluynaeadelauaninumsad 4-4

MINN 4-4 anuudiuHzaImM TN lumnmenasyuue  luyuueuned

, ANNUHUEININNNNDI (%)
B | RENINKEY | 2N | REINNBEaN | Bad | ARdd
gy / ou | 81.21 76.59 75.93 72.86 61.83 | 73.68
U9 85.61 44.75 53.72 29.97 93.00 | 61.41
A 62.57 73.61 85.80 3.95 6.32 | 46.45
U 0 78.67 98.06 89.56 0 53.25

(n) wuuaasthdutiasnu

NAKANSNAFTAUUVUTI A TITULL IR UM NI TN 4-5 LHRAINSANNUNUEININ

]
I =

Nigata 98.719% luhusuduing udasuinwhladdasniiienslurms Fehisldasy

a I~ T A R o Z o 24 [ o d' n' 24 I
Rawae lUilumeud 23.75% Taguuuiassivnlvenuulushlosmasiiyunaudy
11.86% WNDLNBUNUNNNBILALD

MIND 4-5 HAMINAFDUANNUNUEYRILUUTINHITULTDIAY

ANNUNUEININNNNDI (%)

ﬁjﬂ’]q ¥ ¥ ¥ [ @ ' H
B | RENBEY | 299 | Reanenad | vad | emae

1 / 1eu | 83.54 79.90 87.97 84.17 67.98 | 80.71

N 68.87 26.10 68.58 17.67 88.48 | 53.94

4

NN 82.34 60.05 84.66 59.32 39.12 | 65.10

Uy 77.66 96.89 98.71 94.95 44.22 | 82.49
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(2) wuunasshzududau

Tumsneadaunuuhassihdusudaule e é‘z’!mu,amwaé’wa’mmguuamazvhmwiw 9
Tua519% 4-6 %!q@'iﬁ'ﬂwudwmeiwaaﬁ\h%'u%’u%aummsnLﬁummuﬂuﬁﬂatiwﬁ
vadanlunumdulusmunin wazusuludiuineds 99.40% uaz 98.39% muaiau
waAvhlenuusugwawhiu/dy uasis ansudntes Taglinaswadienlurmhiu,/ bu
Tupaefivhmeduiiunduiiady daswmnihuuuiassilashlsviniusu Timeauie
Tuifwvihawdudienn Taswuuiassimnldenuwivilasmasinannzwdy 16.66%
Wafuiuyauaaden sdegmsisnhmalasmsihfuseaugslduaadlumeai 4-
7

MMM 4-6 HANMSNAFDUANNUNUENAILUUINdN T TUTUTDU

ANNUHUEININNNNDI (%)

B | ReanE | 99 | @Reananad | vaa | eweae

8U / U | 51.44 59.80 67.74 69.80 56.22 | 61.00

W 67.22 28.30 66.33 54.09 75.00 | 58.19
A 99.40 90.96 98.30 90.69 52.39 | 86.34
Uau 98.17 99.12 98.39 97.98 85.81 | 95.89

MINN 4-7 (;II’JE)Ehﬂﬂ’]i‘VlﬂﬂaUﬂ’l’iiifﬁTVi’Wl’NIﬂElﬂ’]i?\h“fi’uilli’]ﬂiaaluigé’ﬂTEJN"Nﬂ‘l/ia’l'EI&qINNEN

MBENNN / NN éhathmimaaumﬁﬁiwhmﬂmﬂmﬁ\l'sﬁuﬁagﬂuizﬁugN
wuuaaethsututau

1 &1 Color View: 1 = B = B Action View: 1 =& %

Fusion => LAYING

] Action View: 2
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ABENN / N

fadnmanagaumasivinmelasnsihiudeays luszaugs

wuuaaethdugutau

& Color View: 1

=8 % T Action View: 1

Fusion => SITTING

;
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GIDENTN / NN fadnmanagaumasivinmelasnsihiudeays luszaugs
wuuaasihfututeu

5 &7 Color View 1 =18 ® ] Action View: 1 =B 8

Fusion => BENDING

}I: '

4.2.2 3mswﬁmam‘mmaaum‘sﬁwmmq‘[mam‘sﬂaﬁuﬁaa\ga"lu‘szm"’ugﬂ

Iumuﬁﬁ'ﬂﬁlﬁﬁwLauamii’f&w‘viwnﬂﬂﬂmﬁ\laﬁuifaaﬁaiuszé’ugqmﬂwmmgwaqﬁﬁ
Li’lmmﬂLﬁamsw“\'mmmLL:J'ua‘iﬂumﬁa‘iwhmq %!Qf\nﬂNaﬂ’l’i‘ﬂﬂaaUﬂﬂﬁiﬁﬂﬁﬂﬂWQIﬂﬂﬂﬂi
Thiudnnghilenuusiugiiiaanniy 11.86% uas 16.66% asihiiuuuuiasiiugu
wazFutaUMNEINU TﬂmﬁmsnL*ﬁu@hc&muLm'us‘iﬂuvhuaummguumﬁmwﬁwmﬂﬁqﬂ
f4 98.17% wnyuwaNAE FmaashiuuuuiaasasTinadwsiuandeiy Tag
wuudrassdudeuarlianuuduiloswmaslumwsudndes Tassansaiinana
wiughwiurhanrhusuataiieadn uamnhlienuuduswewhiu/ by wazia anas
Lantioe
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4.3 ms‘nmaaum‘sﬁ'ﬁwhmﬁzm”ums%ﬁ’uﬁmaﬂmzm‘"uzh\ﬁnnwmmgumm

dmSumsnegaulszandnnyainsznmnnnwuuiasateasuuy iy
dayamuiuazanadnnnrareynnesazgnnadaulugadays 3 gadaya laun  PSU
(Prince of Songkla University) NW-UCLA (Northwestern-University of California at Los
Angeles) uaz i3DPost Z4ij3duldlFyadoya PSU tiiaUsznammnimoden Juas
wuuianszasil adedy Suruvasaad, wndwed o AUFuld, wasnagau

]
v =

Uszansmuwlu@auledne g wu yune@InndsudeiuasnaeyunesInyaIanass s

pA
[ L%

o 0 W ' P a Py v o aal Ve o
NOITMAUIEWINNIN LLag’Jﬁﬂqiﬂﬁl‘iﬂUﬂqigf'\nﬂﬂf'\nﬂuu ]ﬁﬂjiﬂaQQjﬁ]ﬂﬁ]$QﬂﬂﬂaaUIﬂﬂ

[ | 1
= =

#gatiaya NW-UCLA uaz i3DPost Fugnasiiyuuasiicheiy sawludsasessvindas
e lFlumstssiuanamumurasuuuhiassasdise Tasmsnagaumsdanrma
sedumsihiuilnedlussdumananunazlFaaninnasitlinielszanana Intel Core i5
4590 at 3.30GHz war DDR3 8GB aluismsduundssinndayavaslasenedssam
dienald 1 awgastou -20 Tuua @ Sigmoid Function 71531185 Feed—forward wag
doulunalas Back-propagation SIUANNDSAINIABSUNETY 221 Radial Basis Function
Kernel S38AUNY C-SVC

4.3.1 ﬂ’l'i‘YlG]ﬂE]UIﬂﬂ“qﬂ?i}Elada PSU

dmdunagaumsidvnmessaumsthiuilaeslussauannnvaiaynusseis
v v o o 4 g W > v vy 4 v, a <
gadaya PSU azldmnlurevhnuielddmsusandayadiauiived uasdnannnii

Tuvanivaudvsuldlumsnegaudszansnw

(n) MsUssiivzasmInnuuaateas
g lavhmsUsziiuazasihinueeas (L) Tuvmnzanloamsmadautuuiiasd
Va n‘n‘l ° o’c!l 1 [ v k4 o s
velesniaduresuaeasiuandny lagldgadayas PSU lagsuiuvesiateas
. ao & 4. . o y
Wlenaaavileeil 3,5,7,9,11,13,15,17 waz 19 logimuuaa o wnnu 0.7 lagld
ac d‘ = Vv Y o £X =~ | =
FBMsuenues akeuiuaznagaumsih 2 a1 fs laswedssannidien (ANN) way
Support Vector Machine (SVM) laginaaws2aenedad loadiiuiuateasnuananny a9

uaaa L lumwisznaui 4-9 uas 4-10 MNSOU

(d‘d v

Tagimwisznaud 4-9 udgaslviiiuhduiueasawasniizmnawinu s Uszau
ANNEITIgege losfiamdsanuuiudnniigan 04.88% laald ANN was 92.11%

Taals sVM Toauaas D lumwisznaun 4-10 Taan ANN Mlaannantias Zeeaanil
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Ya o v v o 2l ¢ v
ﬂ'ﬁﬂﬂﬁﬂﬁ‘ﬂaﬂ@’)ﬁ]ﬂiuqﬂﬂﬂ%aﬂaq PSU ﬁ]ﬂ?ﬁ‘-\nu’mtmﬂa‘iﬂuﬂmﬂ 3 LALYBRI LLaS;l‘Zf ANN

Tumsuselinuasnagavdy qealdwniu

o
S
85
=
o
o=
7]
S sof
3]
=
a9}
75 F = Average
— = Maximum of Average
—+— Standing/walking
20k —O— Sitting
—8— Stooping
—¥— Lying
65 : ;
3 5 7 9 11 13 15 17 19
Layer Size

Mwlsznaui 4-9 annwiudirasmsnagauihmmeluiinuawasiuandaiums

e TegldlasvneUszamidien (ANN) WudiGeuiuasnagaumsdh

100

90 F

80

70 F

60

Precision (%)

50 F === Average

— — Maximum of Average
—— Standing/walking

40 F —O— Sitting

—8— Stooping

—¥— Lying

30

3 5 7 9 11 13 15 17 19
Layer Size

mwUsEnaun 4-10 annwiudamsnagauihmmaludinuaeasnuandenumu

s Taeld Support Vector Machine (SVM) (HuiGauiuaznagaumsia

() MsdssiivaaImanIINsBeus o

] ]
=

1w = v < a o [ J 4 o 4 v v
PBAINNILIYUT A ‘ZNL‘IJ‘L!W']‘S']NLG\E]‘SY]G']N']SGﬂ'iUﬂ']lG\ Iﬂﬂﬁ]zﬂﬂiﬂﬂ?&l'ﬁﬂﬂﬁl\iﬂﬂ

] |

581119 Q[k] waz Plk] tiamsuSuasald aaianunuiwiuinaniminlasen

gaUNAUYDIANNEN QK] 31N MANNVUILUY (PIK]) LURIMNAGUMNTAFIUNIN
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aunulu 100 dru azlfdudrfmvuaanas@igdIninAINK It laaAIINED

Pd d! [ v [~ [ % d‘ A' Y o
gawasgas (Zk]) Fmavsumanduliududsiasiinananuaansolumsziives

1
I %

mmeundnlagld mdsunduanudniedly Qkl anvziausnasndeuagmelu
Tasvaswaediyans  laslumsnasaudssiiumazldmasud o fe 1 laedissaziineg

0.1 SINMINNG 11 A eauaaad lumwilsznaui 4-11

95 F —

NF

S
S
85
=]
o
o=
2]
D sof
3]
=
a9}
75 == Average
— = Maximum of Average
—+— Standing/walking
20k —O— Sitting
—8— Stooping
—¥— Lying
L

65

0 02 04 06 08 1
Alpha ()

Mwdsenaud 4-11 mmLL:Jusiwwaqmswmaauiﬁhmmﬂumﬁ'mwmiﬁﬂufaf o NULANAN

Aulundasynmanazeimdy lagls L=3 uwaz ANN

nnmMwlsznaun 4-11 %QLLamﬂ'wmmLu\ius‘immmwﬂaau§'f5whmﬂuﬂ'15@151
mMsBaus o Auenannuluudasimanazanades Togld L=3 waz ANN Flaanaly

£4
%

gNIUMITN §UNALaNMSINFAEIUYBIAMANNNUILUUN D NINYEN e daunaunas

=3 g % :;Q' g Vv o v o d' ld’
ANNAN QK] MnuaNNgnaasnasInndumuliaie Taslamanuuiuigegamndsagn
95.329 04 0O, YNV 0.9 TVINFANMN AN NAULUUNMNINNUN asAgaUna U
AINEN QK] LAY 904  waz@ANNVUILUY (PIk]) Wy 109 Fuludadiud
WINNZEN LHBAY O NINNTT 9 AIANNLNUENIILENSY LAFIVSUMINAEH LN T NNLaneN

NNEBY A BAAITNNLENUBE weazn lnamanNLUENINNLEND
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Standing/Walking

Sitting |

Stooping |

Lying |

MwUsenauil 4-12 Confusion Matrix 289m 33 lunmeunaslugadaya PSU laaly
L=3, 0 =0.9, Uaz ANN

nnamsznauil 4-12 waadlfifuia Confusion Matrix #a9ms3iluvasyuuas
Tugadays PSU Tael# L=3, o =0.9, uaz ANN Fazwud miu/duiionuudugigae
il 99.31% luzaisihusufienuwiugifiswd 90.65% Fanuhawmaiiaudiu
Tnajinnnaudnusazeasunuluirmezsnyaeafiuuiuey Rdaduuuuiaasilaes
Faoanuuuiniiimeluuinas Taamluudbrenuiewmezasiiu/idu, Mdw, wez
uay azduaunouialumia 0.69%, 4.829%, Wos 8.83% MNMAY uAnTzIUMAN
LLajuE‘imawi"nﬁ'qﬁﬁ'mqgmgiﬁ 98.59%

(@ MsuFsudisussninmsiinlagldyssaatsuaznanaauaag

iaflumstududaduivgudiseldnaaaunimaialuyuaisuazume

uuNasfugaiaye PSU L=3, 0 =0.9, uaz ANN iidasligasaudayaninmniias

Mumiauny leamwilsznaui 4-13 WEANDNHAIWSYBIN TINIIVINNNYNNDING DY

' '
= TY o

o A < < v P P o s Py
0N 1 ("’ZNL‘IJuﬂa?N‘YIBEIﬂU‘VI) YUNNINUILNBUN 4-14 LLaﬂQNaaWﬁﬂBQHNNE}QLQHO

U

naesil 2 (ulundasiiildeuyula)
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Standing/Walking

Sitting |

Stooping |

Lying |

MWUsznaudl 4-13 Confusion Matrix 289M 33 luynnadennNnassin 1 lugadays
PSU lagl# L=3, o =0.9, uaz ANN

[

HaawsuaaliAuhyunaudmNnngsn 1 Fullundasidenuiduszansmnly

[

M33NENNYNNBIHEINNNEDN 2 1Entias (AIRdEYBINNNLNUENINAY 92.50%
P =4 = v v d’ v W c: v c‘q v c: 4 [ o’d‘
WaSeufiaununaaed 2 Ny 90.63%) NNNBAALINNNGBINANBLNUNLNAIWET

v 1 v
v = = ﬂd I a

P & M v U gt ' 2 o v
angalurne Tusaeiindad 2 Nudsuynldlinaawsangaluviiu/du Zedanalai

c} L4 1TV c} 4 = ' L4 d’ c} 1
ms‘nﬂamagﬂumﬂwNaﬂmmaawLﬂaﬂuqulmuﬂﬁuau

Standing/Walking

Sitting |

Stooping

Lying

MWUseNaUN 4-14 Confusion Matrix ﬂaqmsif-&ﬂuguuamﬁmmnné’mﬁ 2 slwqwfl'm;la
PSU lagld L=3, o =0.9, uaz ANN
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100

95
S
S
=}
2 9Ff
2
Q
[
=
a9}
85
== Multi-View
== Single-view 1
=—6— Single-view 2
80 L
d“gl\'\‘,a\y(\\'\g s‘\m\'\g 3\009'\(\9 \‘\[\r\g A orag®
srano!

MWUsenauh 4-15 MIUTeUHBUANNLAIUEN DN NNDI LALYNUBILALINITDY
napaleels L=3, a =0.9, wdz ANN

NNMNWUENBUN 4-15 WA LHAUTIANNLNUENVDIUAILINPNNG 4 FINMNITIN
Tufea@asnivasyunaIuazyuNafINIFaINass logwdsuainanuusiugizag
Y o t4 g o’c:dc: YV 1 d' 4 £y c:
mM3jhannraeynnesaslinaawsnange snciuluyusuzeaanaedeINnnaseai
= v < 4 = [ A o v o o [ v Ao [

1 9AnENYRY W21V UKAINNNMINYNNBUALINNNGINT 1 1Tundasndany

i o ¥ a - ¢ a v 2 X% Vo a 1
N Qg'ﬂ’ﬂ;ﬂtﬂﬂgﬂLLUU%QQWLQB?LLUUL@N ) Imﬂaﬂml,ﬂm Gﬁqqg'ﬂ’]mlﬂﬂ’]igzﬂﬂlﬂﬂjﬂl

]
=

(1) MsuSauiaunsNANILPaINABINaIALANE1NY

Nnmwlsznaud 4-4 fildudaslinaumihil yussudmnnnassi 1 Fuiundas

v
=1

fdanui Turuziyuussdernnnased 2 WundasfitadsuiilalasausauSuys

55U 2 ndpaleaail 30°, 45°, 60° waz 90° gHIalarnmsnadauluynfiuana Ny
LA e . R A g

wailiaTaenunumussuuuasslasnaaaulurimans 4 Husawslauanalily

MmwUsenaun 4-16
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S
~
851 [ I
[ 45
e
[
80 — — — —
d’mgN\‘ a\\(\Y\Q» 5'\\\'\\'\9 S\OOpmg \_\)'\Y\Q Ne(age
stran

MNU5ENaUN 4-16 MIWTEULHEUMINYNNUYDINADINBIFMUANANAY

] v |
a =S Vv = o N

NMNWUsEnaui 4-16 MaNuwiudlagRdaNigaiozu o yunaaeinsene

9

1 1
v o oSS A v

4 g & P I Y1 oa ]
nui 30° Fulunsasmnianigaszuinnass lasanvasilululaindennyuiuay
wuld lving 2 ndasladayandsudnlnaideeny loayudu 9 Andasnszinaanui

U e Y o o & ¥ 1o a v & % YR % Y o
NAaNST naLpenulaamdy ToasINLaIMEU/LHY wasynias linaansAauinglnathes
nulunnyawes Tupasimusuuasinuaziinadamsidsuyundasiinssiedany

() nadgaununuuaaviidautayalag NW-UCLA
<~ g Vo o/ v v v | QJ vV o d’
wanwmilanniifiveldnasavgateya PsU luaniasegandaloalduuusansd
daudayalos NW-UCLA [65] tiiaiaussansmnaasuuuiaslunmsnumudadayad

~ o [

Aunzuanany laglumwilsznaud 4-17 lowaasnmslzzuataaasnunnu 9 1%

[

anuuNudngangannanadelunn 9nen 93.44% leamnilvinaansnangads

P v st 1w = (A~ B4 PP s S v 4

98.74% Waldvnaawasnunnu 17 lusaeidennuilinandluawasnigy wwss
) e = ) o d‘ 1T a YV ) o d‘

Wi 3 dennudiud 97.18% luzaznmiu/ by ianuuluggegai 95.40% uas

H A v v v | T e v o ¥ A vy | s 1 @
Gl']i?!(?‘l“/l 85.16% 'd'J‘Ll‘VI"IﬂNLﬂu‘YI"I‘YINﬂ']"INLLﬂJuEI"IuaEWIE!ﬂa};I‘VI 92.08% NLALYBDINLMINY 5
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o
=
N—
=)
2
z
Q
(3]
=
=B
75 F
=== Average
= = Maximum of Average
70 F —4— Standing/walking
—O— Sitting
—&— Stooping
65 1 1 1 L 1
3 5 7 9 11 13 15 17 19

Layer Sizes

Mmwsznaui 4-17 anwuadudzasmsnagauiiimeluhnuaeasnuandenuzes

nnmelugadaya PSU Blduuuiaeshaaudayalog NW-UCLA; ANN

MWUSENaUN 4-18 UEAINE Confusion Matrix LNATNUIULBLEDSLNINUY 9 LasvnEy

1 = Y o ] o c: d' | v L4 ] o v .::
wasrau iaanauludigedga 7 96.329 lurashvidulvanuuludiissgad
88.63%

Standing/Walking

Sitting |

Stooping |

MWU5znaUT 4-18 Confusion Matrix 28IMI3NaBINNNDY lugaays PSU ald
wuuaenaaudayalos NW-UCLA lagld L=9, ANN

wannnigRe lau3auiisuanauiuinnyniinszridanuuaindssiiuanaany

Fauaasluniwdsznaui 4-19 wadwsnangaagn

et®.
-2

N 45° N 94.74% uazangan

89.69% Ty 90° WlaaMlUud) ANNUNUGIZBMNINNINITGEAT 45° UazaNAUND
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nheau agnlsimucaansilalagliuvuuiassiisaudayalos PSU linafiuanda@s

ayNNDIN T UAEHANNULNUETINANT

100

95
<
s
=
2 oof
4
Q
[0
St
(=P}
85 o | |
I 45°
[ eoe
C_Joo°
80 —
d\ngf\'“"’“"‘“g 5\(\'\\'\9 5\009‘\“9 P\\‘e\-age
stan

mwsznaui 4-19 mswIeuiiaumsvhyunueesndaiiasmuaneanny zeld

wuuaasisaudayalag NW-UCLA

a a v <

(@) msnadaudszansmwlumuan
msnagaulszdniawlusiuanusy (azlisinszaznamlumsdnsdalszauanu
wazuanenaligld) lazaslddrdunarzas OpenMP szuuiilinadavaziiunanivinss
duyAAaLUUsIINe (Intel Core i5 4590 at 3.30GHz with DDR3 8GB) K33tlails
OpenCV %@ Library §%3Unuauaaniieasinied, OpenMP (ilu Library dSums
Uszananauuuziny, waz CLNUL uaitufinmwanndasduazanndn losgideas
o ¢ aa o % A V@ % Py
nadauTIUINYBIALE DT UAIB M INILUNUssIanTaedaya iuana iy lugadayanil

Y

NPNATUIU 10,720 5N Falouananazasmsnaaaulilumsad 4-8
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| < Y o 1 [ a A | J [ v
MINN 4-8 Nﬂﬂ’]‘iﬂﬂﬂﬂ‘ljﬂ?’lﬁ\lL’i’Jéluﬂ’]‘ig‘iﬂVl’Wl’N’izﬂ‘Uﬂ'ﬁV\l’J‘Zﬂ!WLﬁla’i‘igﬂﬂ’éﬂﬁ

SeeaIN LS (ms) / frame Frame Rate (fps)

- | o | &

L=3 L=11 L=19 I A A
w = ©

Min | Max | Avg | Min | Max | Avg | Min | Max | Avg | Avg | Avg | Avg

13.956 | 17.77 | 15.08 | 14.12 | 20.58 | 15.18 | 14.43 | 20.02 | 15.85 | 66.31 | 65.88 | 63.09

NNV

14.01 | 17.40 | 15.20 | 14.32 | 18.97 | 15.46 | 14.34 | 19.64 | 15.71 | 65.79 | 64.68 | 63.65

INAS

Toafi L Aeshunuzauawes, Min fe AaEgn, Max Aa MNINGA, Avg A AIAdY
TosmasudaznuhnmilflumsdsznanaazlfnaUszana 15 §833u# (ms)
wiaUszananalauszana 63 tlsuaaIUN (fps) TosfidnanuuanawassIuY e
was wazdismsnuunlssnnzasdayaunulifinadalszd@nsmuaruna uaﬂmﬂ‘ﬁﬁ%%ﬂ
lavhmsiSeuiisunmsuszunanauuudiSea (Serial Sequence) UaTNMITUTENIBNAUUU
2wy (Parallel Processing) Togaziiannninalszananadznadilumse donlins
ﬂssmawamqashq’lusguummnﬂé'mLﬁﬂaawmsaﬁﬂﬂw%au 1 nulanarayunesluna
Weniu walsnngimsuszanananwuuzinuianuingniuuudizes 1.5507 v log

v ' P v
QﬂﬁL’JmUNB‘c’ﬂﬂuﬂﬁLiNmuﬂﬁﬂiwﬂaNaLLUU?I‘LﬂuI‘IJUN

4.3.2 ﬂ'li?lﬂﬂ’é]ﬂiﬂil‘l!ﬂ?ﬁl&da NW-UCLA

luamAdeiiazldgadoya NW-UCLA [69] Wudriauszaniamwuaswuuassih

4 4 v . Y [ v Ya o Ny A
Fuwvuaieas laglugadayatilenulnadesnugedayalununafive loandayailily

u u

k4

M lannndasduazanudn o yunaafiuana iy gadays NW-UCLA A358U0Q

9 u 9

89 10 e aghadu mEwdy, dulusey 9, viees, Mmosluiueee wazydy 9

[
N Yo v

uagenarusu loglugadayaiifiveazlismnsadumwenydniiaglugadoyaiianld

U

Nuld Wasnnmeanudniiuaaisanindauandnumnn wazldsminsaudaslvagly

1
T YV

= A Yav = QU & 2 & A
gﬂLLUUﬂaQﬂ’Jﬂnanlu’izﬂzf\]‘N Q’Jﬁ)iﬁlﬂ?ﬁﬂ:ﬂﬂLﬂaaulwﬂuﬂﬂ&laﬂﬂgﬂLuuLﬂuaWLﬂHm
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1Hlumsnaaau Tagazihweslugluuurasnnmasvasilasuuunbildanudnazad

unnnMsEesdanuaasdinamseasiidnnynawasiveldlumsihusznasaudaly

[

logmnngideaulaasgnidensaniiivenaday lagmenagseninyiineg
nveaulaazlignihan gy idiu/dy azgndvaaninnniiuduuaziidusau v,
TRzgNAveanINMNTNINaIazM LY, Minazgnivaaninanmiuivadiaifen

=
LLasaNlD

lagdgnmsvesgiaenldlumsihasieuideyamangadays PSU luminvisens
o 4 v v ¥ a o v =~
Muilensnagauiudeyalugadaya NW-UCLA lagnnwiniiwasnaslanagauasi
1 < I G Y v Ql kA4 Vv 1 li! 1 @
mvsawmiiaunie lndidesiunumanasavulugadeyeres PSU antiumm o 293siu o
asnnlailEmwenudnidudoya leamsnagavazldhinursaieasiuanieiuaue

L = 3-19 UFMNKAIWS D lumwisenaun 4-20

95

0F

—_
X 8r
N7
=)
.2 sof
2]
S
=
A 75
70 F == Average
Maximum of Average
—+— Standing/walking
65 Sitting
—8— Stooping
60 L L L 1 L
3 5 7 9 1" 13 15 17 19
Layer Size

mwusenaun 4-20 anuwiudlumsiimeesedays NW-UCLA Niiainazaas

(d‘ v [
LEIBINLONEOINNU

nnmwlsznaui 4-20 wiuldnenuuiuigigaloswasativnaaeas L =
11 (86.40%) luanzilugadaya PSU anuusiudgegnadi L = 3 lagUsz@nsmw
° [ 4 1 k4 = 1 v a‘ d' d! v =
dmSumhdnazasude@ndy o wasgegen 95.60%  Felaudaensazidealily
mwilssnaun 4-21 dmsumdu/ ey asldanuuluginangen 76.80% lagmana
=

Man 9 B1ALININYNYDINBILALLENIELNINARRNNMIYAAINANNUWUTUTININA 5

ludsfianuuandniudanunugedaya PSU aSauisuizmainrmmazesgivany
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1 Ya v ° vl =3 v < < I'd v o
NW-UCLA ﬂi']ﬂ{']’ﬂE\‘I’JQEJﬂ’lN'ﬁﬂﬂ'ﬂﬂﬂﬂT}ﬂQ 13 waNLUasIdue NNAIRBY 73.40%
v AN v P v < Y o 1 a v
ILee 86.40% GNY]VLGILLﬂGNVL’ﬁuGI’]TNYI 4-9 amﬂmmumsgmmmwamu’ma NW-

UCLA aziuniin lluauaasmmanimsiedaulmuazienududaunannnnsinluna

Ao ' A Yo al '
NQ’]‘N'J‘N"Z]aQﬂ']ﬂ']\jﬂN{Lmuﬂ”ligﬂ’]ﬂlﬂﬂﬂ'ﬂ

Standing/Walking

Sitting |

Stooping

MwUsENauN 4-21 Confusion Matrix 283m33nymnlugadays NW-UCLA loald
L=11, uazANN

MM 4-9 (SHUNHUNIANSIZUINIDNMSTININNINTEWINNUIY NW-UCLA A

u
kA4
=

NRITe LY
MI3NMIMNITRNMATE NW- | anauaiud) | 11333vmaly AN UEN
UCLA [69] (%) MHIwi (%)
wWuldsau 9 77.60 g /1eu 76.80
e 68.10 e 86.80
nulunduesdiaiien 74.50 nu 95.60
Wae 73.40 mae 86.40
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4.3.3 msnﬂaauimr’qmi”aada i3DPost

dusumsnaaauluzgadaya i3DPost [97] lagluganasauldidanmzyimend
ANUNENTBINNAANTINAN ] AB MFU/LHU, UG, LaLTINN NNNANTTN TWI-8U, 1O,
a < v Y ¥ o P v ¥ P ~ s
Wu-19, wasiu Tasdayamwanngadeyadumwdiazlimsainnneaseasiliaasuuy

Taildenudn wlalumsishimedaly

(n) MInadaunadaya i3DPost lnglduuuiteasiignaauainindays PSU

Tutuusnifiseasnaaaugadoya isDPost fauuuaasiignasudayannyadays
PSU 210 2 yawad fismndusswindasluaiwasiuandiedu mnamwdsznoud 4-22
Ifuansdawanmsnadauanigaiaya i3DPost laglfuuuiansitaaulasyatays PSU %
waumnghiimadamsineiinsmiumi felduasnsanausiugiiiewd 28.08%

L=9 anmsdunanisal Usnngihenuidanaralesdriulvaiifeduiiasanyiius

e® S

- & < o & ] v v v
wilauvnigadluaimea sazgnihneaduwmiuiissnnlumsaeulddeoyannyadaya

u

Q

294 PSU  ZiNaguuiniaviawing vialauh lumannaudu vmdu/ ey wasvinnulv
v (l::d = lﬁ' o w
HAaWSNAUTINMEN 96.40% WAz 100% lagh L=11 mMudou

100

90

80

70

60

50

= Average
— = Maximum of Average
—+— Standing/walking
—6— Sitting
—8— Stooping

40

Precision (%)

30

20

Layer Size

mwusenaun 4-22 anuwiuglumsiiimeeesedays i3DPost Nil2NYBNALEDS

NUNNAINNY ‘[mﬂﬂliﬁ'uumﬁaaqﬁgﬂaaumﬂqﬂﬁ'aaﬁa PSU
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Standing/Walking 0.00 12.00 0.00

Sitting 28.08 2.74 0.00

Stooping 0.00 0.00 0.00

MWUsznaui 4-23 Confusion Matrix 284M 33 elugadaya i3DPost laald L=9,
waz ANN laglfuvuiaasigndeunngatoya PSU

NNAMNUSENBUN 4-23 NUFANDY Confusion Matrix lagtia L=9 lagmiazanau
Aoludiulval Wumiiuuazidu (69.18% of Cases) wazyiiu/iiu azaauia lUillum
A4 (12.00% of Cases)

(1) mnadauluradaya i3DPost Inan)saaudayalvai

idlasnnmanadavulugadoys i3DPost laglFuuuiaasiignaaulasyadoys PSU
Tinadwsuasmsusnussialuhids dulu §idedeldmmanagaudisuuuiaasans
fie Fegnapuuazsziiulonlfiamsyadayanas i3DPost whilu Tasgadayagausn
94 i3DPost AzgnlFdmiumanasauuasiaysgaiisasazgnlfiiamsaoutaya Tasly
managautuduazEunasaunnmanasaulasld 2 yuuasrau

MNNNUTENBUN 4-24 UAE 4-25 LWFAILALAUDINAAWS LUAUIAYDILALEDIN

D-

WANENNAY 10 2 YuNad lagnsldataasniawmauinny 17 Tinaawsanuulugn
gAte 93.00% loawde (98.28%, 81.03% WAz 99.68% EMSUNEU/LAY, HaLaz
v ! ] YV 1A a k4 4 g LAl 4 = d! v 4
1) Teaduluaiudy du/du waznu lanaawsaaudbnn 29gandl 90% antiy
v < v v o ot ° [ v & v = v =
L=3 agnlsionn manuwivdndngadmiumis lauaiiieswa 81.03% lasiiaz
nefia Wilumiu/du (18.90%) wasiianuuwiudangaatil 41.59% o L=5 &9

dunalanyiaaassaesiinagdalssansmwlunsvneg
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—_
X 70F
N—
=)
.2 eof
2]
'S
=
A 50
40 F = Average
— = Maximum of Average
—+— Standing/walking
30 —6— Sitting
—8— Stooping
20 3 !
3 5 7 9 11 13 15 17 19

Layer Size

mwusenaun 4-24 annwiudlumsiiimeesgedays i3DPost NiBINAYBNALEDT

c: 1 4 kA o 4:: 1 v .
nuanenny leglduuuihassngnasuluiannyadaya i3DPost

Standing/Walking

Sitting |

Stooping |

MwUseNaun 4-25 Confusion Matrix 283m33vnlugadaya i3DPost loald L=17, uas
ANN loglguuudassnignasuluianngadaya i3DPost

Tumsmagau 2 yuwes §IT8lEIUGHNNDITZUINNADINUANGNAY (HY 45°, 90°

u 9

waz135° Mwisznauil 4-26 waaliAuNNNINAY 135° aziianuuaiudigeiy

U 9
]

v o s A A W ! ] v o 4 [ % s Y
wazaNNuiugangaluyniunny 45° Tasdulugudiyniuavasazlinaansnaas

AN aglsiony dmsulunig aguﬁuﬂum%sammwLLaJuEi"nauﬂuaEiNmﬂ
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100

Q0
o
S 8of
=
3
'z
Q
o 70
&
eor s
I 90
C Jisse
50
nd\“g|\1\la\\<\“9 NG 500p9 pyerad®
Sta

mwisznaui 4-26 MmawSeuiisuraawsanuuwiua lugadaya i3DPost INMITHNAH
nuzaenassiasmuananiu laald L=17, uazANN laglguuudassngnaauluiange

#23a i3DPost

wannnil gRvegelammanesaulesldhuiusayunainuand iy yananms
NAFOU 2 YN lABALNATDUMIUATINIUYNNIIAY 1 B9 6 MNEIGU taNazUseiliuy
WUUTIDDIYBNENTY TNHAANSAINWU5zNUN 4-27
100 E{/ui =
i ‘Aﬁz_-
ool /&\;' — |

85

80 b
75 F b

70

Precision (%)

65

60 | = Average
—+— Standing/walking
55 F —O— Sitting
—8— Stooping
1

50

1 2 3 4 5 6
Number of view

mwdsenaun 4-27 anuwiuelumsiihineeesedays i3DPost NNAIWIUYEY

yunaeniuananny loglfuuuassngnaaulviangadaya i3DPost

mwisznauil 4-27 usasdaanuuwsiusioaiureauesfiuand iy navil
lanenunaanuuiuIgega luudasyunesIn 1 69 6 Fafienemausiugdail 89.039%,
93.00%, 91.33%, 92.30%, 92.56% W 91.03% ¥ L=7, L=17, L=17, L=7, uas
L=13, MU Qﬁﬁ’alﬁﬁv’qﬁ'aé’qLﬂmdwdwﬂawuttﬁuﬁwgqﬁqﬂagi o UBBIYNNDI

Wiy 2 Teemldudr Yssanawlumsnhneasanasiioduiueeesyaunauiniy
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1% v A, s ¥ 1 N | 4 o
aniulwinie wennnil Huruvesawesnlimanuuiuiigingaazanaaiiaiuiy
VBINNNDIUNNYY
[N P v g ao Y A A9 v oa @ v v
e lai3audisunadwsanismseasfisenunudunlnadesnuuasldgataye
. & o et e v v '
i3DPost lumsnaaau [56] Fudununldliaasunuriaduiuuzasin (Posture Prototype
Map) Z9I0UBYaOIE Self-organizing Map (a3 luaaNaLAEIFINAY Traditional
Neural Network (TNN) #4657 4-10 LAuaaaiapasnsuadnund 2 laganuuwsiue
gNgAINITNIT2BIRITY wasIuNlndLAeAD 99.68% waz 100% dmsurny lu
PozifeniueNMuNuEidgaad luntIsMsueide wasnunlnaidesn 81.03% waz
o W v < 1o a Ya o 4 [ el 1 v = v
87.00% mud1au agalsnan Tuidu/ by nueesfidelinaansnaaudednii
aniias logagluainsdasnuiinaawsilnatdsany Zenunlnddssiumansarile
panINGNIEaNay

MIND 4-10 WiuhgunaawsssnnIsMsIHIMmMessnihnidTenlnadeeiuzaly

%0UaYa i3DPost [56] AUNUITEI]

m‘sﬁ'a‘iwhmﬂmmﬁsﬁ'ﬁﬁ ANAWUE | P33amimaluy AINUNUE
TnatAeenu [56] (%) ATl (%)
wwulusau 9 95.00 ghu/1ou 98.28

e 87.00 i 81.03

Ay (Bend) 100.0 Ay (Stooping) 99.68
Anad 94.00 AnaE 93.00

a 4 Yo ] [ = A~ [P
4.3.4 umw%mamiwmaa‘umsgmmmﬂszmumsﬂmuﬂmas‘lusxmum\i

nauamanasavuiildnFeuisulssaninwaaimsdhnnyuneiauazas
NNNBININYOTBNA PSU uaw i3DPost astiiuldhmslivarayuuasaslianuwiugi
nnnhuNauden Feinasrasenuuiuiluyunade iy 92.50% uaz 90.63%
anzidpayuuasiisinisunsanuuiugagi 95.329 lugadoya PSU Tusaziiduaie
yaanNuu lugadaya i3DPost LU 89.03%, 93.00%, 91.33%, 92.30%, 92.56%
(L'%mmmi"nmuwmaguumﬁ 1-6) ‘"z!fﬁﬁﬁLLuﬁIﬁNﬁLﬁN%uﬂﬂﬂHNNaﬁL?]'EI’J ﬁ?}qa':;ﬂlé'iw
HuuzesNupuiisd 2 uda 3 Nayuuasiwanduiufiisiwauiidrniuamsd
vmslunuuhaasasise Tasiimsfyuuasiiinniuaasiideyafiannidudniu uas

v a 1'%
sndumsazanaasy ﬂ'nﬂ@l
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Faghfanasnumnagauillifieysiisounasnagaudgadeyadaiy iienaday
ANunUMUzaIwuUasslunmsidiimessaumsihduilaesluszavan laua (1)
nagaufugadoya PSU lumniiastiady aaudoyamniiaanny fanuwiudiigs
figanindunds 95.329 (2) nadaufuyeadaya PSU Zedaudeyalos NW-UCLA
anuiuiigeiigannaadei 93.449% Slduadwsdeuindluszdunils, (3) nagou
fugadiays NW-UCLA Seaaudayalos PSU fianuwiudlaswisagifieaud 86.409%
Tosfigadaya NW-UCLA fimsneyanaindaiuasinssasanndasdediyanainng
wlsUsumnn suludsienuuandniudauniugetdays PSU, (4) nadaunugadays
i3DPost Iaaufioyalas PSU fianuwiudlasindeagil 72.03% esmniisunsga
fiaya i3DPost (Hurhisgasluaimederiliihiagninnediumiu Tumsiindudu
fu/idu wasvhdulinadwsfidouiedae 96.40% uar 100% Fennuamanadauiily
Foyafigauuasnadaudigadayady gitelianuduihuuuiasdumsisihmail
anunumudamaasundadlussdunil udyundasiidansdefuanndayaun g s
Tudwhmeiuanwilannmssaudaye Afikadeussansmmuasszuuthe uananiide
dsldnamaumarhyuiuraindasiinsmuandsunnmasaudayaiindasaemndu &
HaUnngMszuuitisnansadhladed udanuuduiluueineazaaatin woLianas

Iﬂﬂﬂ?Wi?Nﬁ]taﬂaﬂLgﬂﬁaﬂ
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4.4 ms‘nmaaumiammmuagﬁmﬁwf’aqﬂﬂamn‘vhmwmmguum

=

msnasavazldneufinmasiiivmeUszanaus CPU Intel Core i5 4590 fiaNud
3.30 GHz lagl% OpenCV (U1 Library §95UU5eNI9Ka01U Computer Vision Wae
CLNUI Library dW%5ufiadafiundsd Kinect wasSuaidayamnuazdoyannnan logle
wiimsuszananalusaueudenliogly Thread waziszanauawion afuuuumnulasls
OpenMP Library 108Nan1snadauLaaazidnsiNe True Positive (TP), False Negative

(FN), False Positive (FP) Ltaza’gﬂtﬂuﬂ"l Precision &8¢ Recall

v [ < a
nmanadavazgnuinluaastssinnlasdssianusnasiumsnagaufiamauas
andlaaunlulussuunseazileay (Single Tracking & Re-identification) wazuszinni
savaziumnasaufiomuuazaalosdn lulussuuaiiazadatau (Multiple Tracking &

Re-identification)
4.4.1 wansnadgaunisfamawazani e lfluszuuasiasnilany

Tagaziidayalu Video gausniinllszuvdamuuazaad) dasnazilly  Video
nadau lagasnagauiitasanIcaInimea 9 lurais (yanes tasnnmsiasy
MR T@mhmqﬁu,mnGiwﬁ'uazﬁﬂﬁﬁé'nwmsmﬂuaﬂﬁumﬂdwﬁ’uuasqwm

o 8 ¥ ' = = v o a ° = o v
g uavahnadsugeanudaeesdnldlums@aauuazaniyananaziasuliee
Tasudasgauasdayaaziznnnmsliiunanvssldszuuaansofomuuazand lanauis

Guldsurnme legssuvasiuanugndammzymeuy 1 ivhmsnaaau

lagdayanldlunisnagaudamuuazaairlosin luluszuuasazau (Single

Tracking & Re-identification) wAMNVNG 3 Datasets l@8ULAdE Dataset R)xﬁuﬂﬂaﬁl,{l”l

Vv 1
=) =

NAFDU 5 YAAS laaunazyanalansusdldanuandNnutaay loanagaunivne 4
J = = a . . <& . v .

MNN PD 8ULDZLAU (Standing & Walking), U3 (Sitting), AN (Bending) wazuay
(Laying) u@az Dataset 3230KaNsAamMNuazanyanalussaumsuiinaanuazidan lu
Py

ﬂﬁa@ﬂwamwmam Iﬂﬁlwaﬂ’li‘ﬂﬂHBUlﬁLLH@QI'gW\NG}TiTQﬁ 4-11 WSV Dataset >on

1, MU TN 4-12 §1FU Dataset 40N 2 UaMNMINN 4-13 §IUTU Dataset ¥ 3
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MINN 4-11 mamimaauaﬂmuLLazwﬁﬂmﬂL%'ﬂﬂ’lui:muw%’mzwﬁmuﬁm%’u Dataset

#1
Action True Positive | False Positive | False Negative All Precision | Recall
8/ 1ou 679 174 7 860 | 79.60% | 98.98%
1 570 0 0| 570| 100% | 100%
N 614 0 0| 614 100% | 100%
uUaU 380 110 0 490 | 77.55% 100%

MSNN 4-12 HaMINAFaURAMNULEzAn e LU TuszUUATIasnINAUEIYSU Dataset

# 2
NN True Positive | False Positive | False Negative All Precision | Recall
gy / o 799 0 0| 799| 100% | 100%
10 495 0 0| 495| 100% | 100%
nu 482 0 0| 482| 100% | 100%
uau 452 61 0 513 | 88.11% | 100%

MINN 4-13 wams'nﬂaauﬁmmmuasamﬁ’ﬂ@ﬂLﬁ'ﬂﬂllﬁxhﬂﬂ%’qazwﬁmua"m%'u Dataset

# 3

NN True Positive | False Positive | False Negative All Precision | Recall
8/ LU 649 0 0| 649 100% | 100%
iz 482 0 1| 483| 100% | 99.79%
nu 401 53 16 | 470 | 88.33% | 96.16%
UaU 445 105 0| 550| 80.91% | 100%

TmﬂmiwmaauammuLLazw«'\iﬂmﬂLﬁ'ﬁlﬂﬁlussuuﬁqawﬁqﬂu%ﬁmwLLa\iuﬁﬁgﬂu

NN walumuey  (Laying) asfidiaaninmmedumwsnsmilazsidsufianauas

L4 ] (%

ANHUYBIAINQNINANTINNEY ) nlUFemsasiadulilayndiuzasdiyaaa

q

11189210 Sensor ANNANNEMNIOUENYAABDINNINNUNEILAANNIAIT LHBsInyAaa Ly
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' = = Y (& cg{’ [ IS Al = . . a (3
ﬂjuauﬁlgﬂ\lﬂ']j?\laﬂiﬂﬂLﬂENﬂ'UWNWEN Iﬂawuﬂnaaﬂ (Prec151on) m‘imﬂmmta:ﬁmaﬂu
MEULBZLOYU (Standing & Walking) 93.20%, ¥4 (Sitting) 100%, mnu (Bending)

96.10% WazyNUDU 82.19%

dvsunmsnadaudaamnuazananlasn luluszsuveseazuiinaulavunn 131y

Youtube.com

NSO DLAN

Dataset#1 https://www.youtube.com/watch?v=SFuyGY VgalE
Dataset#2 https://www.youtube.com/watch?v=sX33HOF5Yy8
Dataset#3 https://www.youtube.com/watch?v=WJYOF1b-FOY

Mg NYAAaNiINAFaULAE Global ID 7ign Assign A39UsN Tuganadauyen 1

lauaaeliluansni 4-14 wasdadmahauzesssuudomauazinluganadauyai

1 louaae i luasan 4-15

MINN 4-14 MBI NYAAINEINATBUKSE Global ID 13U Dataset # 1

1 ]
T =

I | yaeafinnedauwaz Global ID Mign | I | yamandmadauwas Global ID fign

D Assign A9LIN D Assign AIULIN

>

Stand&Walking
Sjtting

Running : Training—01single—db —> 63.6434 ms/f Running : Training—01single—db —> €
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[ | yaeafiiinadauwas Global ID Mign | I | ymamandmadauwas Global ID #ign
D Assign AL D Assign AN
#2
B
~ Stand&warking .
Stgnd&Walking i Stand&Walkin
Running : Training—01single—db —> 63.6941 ms/f Running : Training—01single—db —> 62.7029 ms/f
#3
C

Stand&Walking

Running : Training—01single—db —> 62.8214 ms/f

Stand&Walkin

MINN 4-15 ﬁ'JBEi’Nﬂ’]i‘VIﬂﬂE]U&ﬂGﬂNLl,a‘éi‘\]ﬂf\‘ﬁiﬂﬁlLﬁ?lﬂiuitﬂUﬂ%’\ia‘z‘lﬁﬁﬁﬂuﬁ'ﬂfi%‘u

Dataset # 1

o 1 d‘
MIBYWNN

MDENUNINYBINM TN NUZANT)

Running :

Stand&Walking

Testing—O1single—walk —> 62.6512 ms/f
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1
@ [l ~ 4 [} a °
AIDYNN MBI INYDINITAAMNULBZAN
2
Stand&Walking
Stgnd&Wwal
Running : Testing—O1single—walk —> 93.6022 ms/f
3
Stand&Walking
Stand&Walking
.
-
Running : Testing—O1single—sit —> 62.7004 ms/f
4
itting
Running : Testing—O1single—sit —> 63.653 ms/f

MBENYARaTIIIMATaULSE Global ID ign Assign A3IUIN luganadauzged 2 la
uaaal3luasei 4-16 wazdragamsnnurasszuuamuuazinlugenagaugei 2

lauaaaliluensan 4-17



MINN 4-16 MBENYAAINEINATBULSE Global ID 13U Dataset # 2

146

yAAaNLNNATaULas Global ID ign | I

Assign ATIUIN

]
=1

YAAaNMATaUWAE Global ID

Assign AIUIN

v
=~

ngn

#1

#2

#3

A
v
|

"l

Stand&Walking

Running : Training—02single—db —> 62.6624

Stand&walking

Running : Training—02single—db —> 62.6323 ms/f

Stand&Walking

Running : Training—02single—db —> 63.6639 ms/f

Stand&Walkin|

Stand&Walking

>

Stand&Walk|

Stand&Walking

Stand&Walking

Running : Training—02single—db —> 62.6469 ms/f

Stgnd&Walki
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AN 4-17 MadnmMsnadaufinuuazanilasnliulussuuasiasvinaudvisu

Dataset # 2
o oA o ' a °
AIDYNN MBENNWINYDINITAAMNULBZAN
1
tand&Walking
Stand&Wal
Running : Testing—02single—walk —> 78.6727 ms/f
2
Stand&Walking
Stand&Walking
-
%X
Running : Testing—02single—walk —> 78.6404 ms/f
3
Stand&Walking
Running : Testing—O02single—walk —> 62.6708 ms/f
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o 1 ‘ﬂl
NIDYNN

MBI NYBINITAAMN NUBZANT

Sitting

Running :

Sitting

Testing—02single—sit —> 62.6512 ms/f

MaEyARaTiiIMaFaULas Global ID 1ign Assign A39UsN luganadauged 3 la
=

waaeL3luansnd 4-18 uasdadmannuzasszuufamuuazihluganasaugedn 3

Touaaal lumsen 4-19

MINN 4-18 MIBENYAANENINAFBULSE Global ID 115U Dataset # 3

I | yeeafinnedauwaz Global ID Mign | I | ymamandmadauwas Global ID fign
D Assign A39ULIN D Assign 390
#1
A
and&Walking
’ Stand&Walking
Running : Training—03single—db —> Running : Training—03single—db —> 63.6941 m
#2
B
Stand&Walking :
l Stand&Walking Stand&Walking
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1 1
T T

1 | yermaitnnadauwas Global ID gn | I | yaaanmeagauwaz Global ID fign
D Assign AL D Assign AN

Stand&Walking
Stand&Walki

Running : Training—03single—db —> 62.6394 ms/f

MIND 4-19 MpsMInagaufiamuuazandleanlulussuuasiasviaaudnsu

Dataset # 3
MBENNN MBI NYBINITAAMN NULBLANT
1
Stand&Walkin
Running : Testing—03single—walk —> 78.6416 ms/f
2

Stand&Walking

Stand&Wd(

Running : Testing—03single—walk —> 62.6898 ms/f
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MBENaN MBI NYBINITAAMN NUBLANT

Sitting

Running : Testing—03single—sit —> 63.6583 ms/f

Sitting

Sitting

Running : Testing—03single—sit —> 63.6589 ms/f

4.4.2 mam‘smmﬁaum‘sﬁmmuua::amﬁﬂmmﬂ'ﬂﬂ“lu‘szuuﬂ'a&'aazam Au

Tagaziidayaiilu Video gausnilawdnluTissuvdamuuazand Taadnluassas

& v = [ v I . v i &
nikeuBueInuMsnagaulssanusn darnasily Video nadaulaeinlunaznilany
AUATUTDIAY 1A8ALNATDUNLAMANIAINTIININEN 9 lunans yuNaadudeInuns
nagaulszinnusn lesudazgauasdayavzdunnmslidumusunisiazlifimsuata
e lviszuuansodamuuazaninlonauiasudsuinmelundazmsnagay logssuu
A2UUANINYNABUAWILYINN U M Ineday  lagaziinsiduiNaadudiunien

NOFDUTNYING 3 A9

Imamswﬂaauﬁﬂmmazw?&ﬂﬂElLﬂ'ﬁlﬂiusxuuﬂ%’qazamﬂu%ﬁﬁwm 2 Datasets

4 | ]
= = \

laaueas Dataset aziiynnainiinnaday 4 ynna loslanvuzddaiuandenuianmy
Tuusias Dataset aziauamsfiaanuazaniyaaaluszaumsuivaanuazidenlums
aUeamMIMaad loanadaunavan 3 N Aa Bundawdy, 19, waziy Ny

o o v v v Y A A v Ao v v ] v [ ]
‘Lumnmﬂlw‘uﬂmnumaﬂuwummwmm@wﬂaamaqaglnamﬂnam Lﬂuwaiﬁluawuwﬁa
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asadulailasnn@ugasanadnliansouanyanasananiunasle laswands

naaaulauaaalinumeen 4-20  §195U Dataset 70% 1 waseINN 4-21  dwmdu

Dataset Y AN 2

MINN 4-20 Naﬂ’]‘iﬂﬂﬁE]‘lJaﬂ(ﬂ']&lLLatﬁlﬂf&’]IﬂEJL‘EJI’II‘IJAIHS?JUUF]%QGSETENﬂuﬁo’]ﬂ%U Dataset

#1
NN True Positive | False Positive | False Negative All Precision | Recall
8/ 10U 728 214 0 942 | 77.28% 100%
19 875 179 0 1054 | 83.02% 100%
nu 1112 370 42 1524 | 75.03% | 96.36%

MINN 4-21 Naﬂ'li“flﬂﬁﬂ‘ua(ﬂGl']?»lLLGSQG)‘\?']IG]EIL“ill’llﬂsl,uSZUUﬂ%lﬂazﬁaﬁﬂuﬁ’l‘ﬁ%‘u Dataset

# 2
NN True Positive | False Positive | False Negative All Precision | Recall
84U / Lo 1105 48 9 1162 | 95.84% | 99.19%
9 905 121 0 1026 | 88.21% 100%
N 952 110 0| 1062 | 89.64% | 100%

NANSNAFAUNIEDY  Dataset 3 HAURFLANNUNULNINITAANINULAZTAAT LUTNEU

LALLAY 88.56%, MUY 85.61% WazynnNy 82.34%

drvsunsnasdaudaeinwazaniilagdiluluszuvasyazaasaulatunnlily
Youtube.com

= v = v

MaEN5oLENHleN

Dataset#1 https://www.youtube.com/watch?v=1j71Qa2S5F0

Dataset#2 https://www.youtube.com/watch?v=i17g985ekTNc

MIBENYAAITILEINATDULS: Global ID 7ign  Assign AIUIN TUAANATBUATIAY
d89AULAN 1 Towaaa 3 luamsan 4-22 KAEAIBENMIINNUYBITEUUAAMNLBEITIAT

avapsaulugonadaugan 1 lauaaaliluansan 4-23
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MINN 4-22 MIBINYAAINEIINATEUATIDLEDIAULDE Global ID 113U Dataset # 1

1 1
I =

ID | yAeanImadauwas Global ID Mign | ID | uaAannadauwas Global ID Mign

Assign ﬂ%ﬂLL‘iﬂ Assign ﬂ%ﬁLLiﬂ
#1
=
#2
B

AN 4-23 FagNMInagaufamuuazanlasnlulussuuasiazdasaudvsu
Dataset # 1

MBENaN MBS NYBINITAAM NUBZANT

Stand&Walkisgand&Wal
&Walkki

Running : Testing—01multi—walk —> 93.6862 ms/f




o 1 ‘ﬂl
NIDYNN

MBI NYBINITAAMN NUBLANT

Running

Running :

: Testing—O1multi—walk —> 94.6911 ms/f

sting—01multi—walk —> 94.6936 ms/f

ing—01multi—sit —> 78.6786 ms/f

153
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MBENYAAANEINATaULAE Global ID 19N Assign A39UIN lUFANATOUATIDE

davauzad 2 louaaalilumsni 4-24 wazdadMIMNULaIssUUAAMNLEIIIAY

azaasauluganadaugai 2 lauaaelilumeni 4-25

MINN 4-24 MIBENYAAINEINATBUATIALIDIAULDE Global ID 13U Dataset # 2

ID

]
=1

YAAINLNNATBULAEGlobal ID Ngn

Assign AN

ID

yAAaNMATaULAZGlobal ID

Assign AN

]
=1

ngn

#1

#2

Stand&Walking

~Stgpd&Walk
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AN 4-25 PagNMsnagaufamuuazanlasnlulussuuasiazdasaudvsu

Dataset # 2

v A R a °
AIDYNN MBI INYDINITAAMNULBZAN
1

Running : Testing—02multi—walk —> 90.6842 ms/f
2

Running : Testing—02multi—walk —> 80.6619 ms/f
3

Stan88amdkaWwglking
Running : Testing—02Zmulti—walk —> 88.685 ms/f
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MBENaN MBI NYBINITAAMN NUBLANT

-

S‘ tig Sitting

Running : Testing—02multi—sit —> 100.669 ms/f

4.4.3 ")mswﬁmamswmaumsammuuassma‘iw‘ﬁqﬂﬂamnvhmwmmgmmm

smsumsfamuuazaaiisiyana aslimsiensidayamuniasd suludays
Wasdunauganamnsorhanldlumsusnuazudazynaativafoaunilundaadadny
1 4 = o w lgl, v d! a o w
wazszninnaat NuluilFlumsaehyanalutesdu msdamuuazaniaiyana
fanuudiuglunsaininluluszuuaseazuieaui 92.87% waznsdind luluszuuasa
avdavAUTl 85.50% 1ABINHANINAFDUILHNNS Matching UazNTIONAIYAAD
a o P @ M o N Yo Y '
Hawanatna ssnndadesauasiiliuhiuluiasasadnlndtdesnuszuninyeea Iu
Tdsmsduaaunuiivarldsun mlimsdeamugymadas  Matching T wdainms
L 1 d 4 4 J = o £4 Y o \J v Y d'
NAFAUMNINIOTUGUAATEINNENLENINAT 909% Fevhldszuumsihiimaladayai

v . Yo 1 v
gneaell Fusion Mnaaaynnasuazidiimale
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4.5 MSNAFAUNITATINAUNNNNNAUNG

4.5.1 NSAUANHINITAN

dursumsanaziifaduineiiasnumsienziimenugiu Tlaansauaaums
= v < ] A o v P I v [ v a =l 4

Wasuwuasnnmau pdumusy deeelddorununillumduguinnmsiiousursamsan
Toan15835193080IUNITATITVIUNY UsedNTAINY8IN1505I9UT9TUBEAUN I3
mmafiilunsuau Fainsaddlauiudlaminnu 90.65% wazrmeduiinanung
Rana U UBUNEawA 0.05% MNMNWUsEnauh 4-12 Felunmsasiadumsanazil
Wengunsseeaaliiulailaiamsantuase g Teansansmszazsanaaliaiulai
naanndgumaurinmMennimaedy i i lsusuaniuusuudldeasuau tinu N s
Py o v ~ o v Y ' 1Y) v v
ensen IrssuuiinauinUaauiitaeas Z9aaeraInsasIumMsanlawanalily

MITNN 4-26 WAz 4-27

MINN 4-26 HIDENMIATINIUMIANNNAANM TUBUBLUBNNUTINENLIY

TPREANT fIBENMIATIIUMTANNARAM IUDUBHUBN NUNNENLIY

Running : HandUP Detection —> 28.9701 ms/f
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o 1 ‘ﬂl
fNIDYNN

FIRENMINTITUMIANMNAAM IUBUBEUDNNUNNENLIY

Running : HandUP Detection —> 44.3671 ms/f
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| o ' ' Y P A A4 %
MIINN 4-27 Gl’JE)EleiVlNQﬂmi’mﬁmmiaNL%Jaa&l(il’.laﬂuwuwﬂﬂﬂl,’su

R REANT caE N3 lignaTTumMsdniaanmalunuingntiu

Running : HandUP Detection —> 29.2858 ms/f
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RRERN magmslignasaiumsaniiadndmaslununnaniy

Running : HandUP Detection —> 29.1654 ms/f

4.5.2 nsANINIINIElan

HNSUMINAFDINITATINUMINTLLAN ENAaINszlanasNiy waznszlanaedn

1 ¥
4

1 nanszlangs waznszlaae 9 waziinasgaumsnszlanaaeyuned lagaslignagau 6
au Wuges 3 AU wazgude 3 A ﬁﬁgﬂﬁ'wua:ﬂ'mqwiwﬁ’u Taglunmsnselaauaas
gﬂLmumim@aamﬂﬁ’ﬂiﬂﬂ@mz‘[ﬂw‘;’w6'| 3 A% waznszlaagy 3 ade ToafgUuuums
nszlandail narloaasiiduyauesd 1, nazlaaasidnyuuasd 2, nsslanasdniyuuag
#i 1, LLazﬂsx‘[ﬂﬂaQSﬂﬁgwmﬁ 2 lagudazgluuvasnsclon 6 a%1 (n3tlaae 9 5 Ass
waznsclaagy 3 a%a) de 1 Ay Imsnunstlands 1 Aude 24 A azldnuadaes
manszlaanimug 144 a5 waslimamsaiilaldmsnslaaiilonagauanuiimsaas
ssuuAamsiiunaunstlan 3 A5 wazsINdemsiasuidoumsnszlananase 3 A% 593
Wu 6 ﬂ%y'qﬂlul,wiazgﬂl,l,uumsmaau

msnagavazlFneniiimasiiimieUseniana CPU Intel Core i5 4590 fiANui
3.30 GHz logl% OpenCV (U1 Library a@%SuUseannanad Iy Computer Vision Wae
CLNUI Library §h#5ufia@anunasy Kinect uasSusidayannuasiayannnan laawa
msmaauuamlﬂumswﬁ 4-28 %ﬁﬁ]mmﬂ\iaﬂﬁ’l True Positive (TP), False Negative

(FN), False Positive (FP) ttaz True Negative (TN)




MINDN 4-28 NAMINAFAUNMINTIAAUMINELAA

16

1

TP/FN/
FP/TN Summary of
g nselnnaeiitoa nselanasant Object
E HNNBQ#I qumaaﬁz HNNBQ#I qumaaﬁz
a§;
5 3 5 3 g 3 = = TP/FN/
1! é n é R &’ 75} é
FP/TN
3/0/ | 3s/0/ |3/0/ |3/0/ |3/0/ |3/0/ |3/0/ |2/1/ 23/1/
01 | 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/24
2/1/ | 3/0/ |3/0/ |3/0/ |3/0/ |3/0/ |3/0/ |3/0/ 23/1/
02 | 0/3 0/3 0/3 1/2 0/3 0/3 0/3 0/3 1/23
3/0/ | 3s/0/ |3/0/ |3/0/ |3/0/ |3/0/ |3/0/ |3s0/ 24/0/
03 | 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/24
2/1/ | 8/0/ |3/0/ |3/0/ |2/1/ |3/0/ |2/1/ |2/1/ 20/4/
04 | 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/24
3/0/ | 8s/0/ |3s0/ |3s/0/ |2/1/ |3/0/ |3/0/ |2/1/ 22/2/
05 | 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/24
3/0/ | 3s/0/ |3/0/ |3s/0/ |3/0/ |3/0/ |3/0/ |3/0/ 24/0/
06 | 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/3 0/24
2
> |16/2/ | 18/0 |18/0/ | 18/0/ |16/2/ | 18/0/ |17/1 | 15/3/ 136/8/
= lons |08 |0/18 |1/17 |os18 |o0s18 | /0/18 | 0/18 1/143
<
Z | 88.89 | 100.0 | 100.0 | 100.0 | 88.89 | 100.0 | 94.44 | 83.33
€ % % % % % % % % 94.44%
;
o
% | 100.0 | 100.0 | 100.0 | 94.44 | 100.0 | 100.0 | 100.0 | 100.0
€ % % % % % % % % 99.31%

NN 4-28 Unnghuamsnaassmsnszlaaderenulimdaninnu 94.449% e

I~ U d‘
UUAINUIUBN DN

=

X
U

‘[amaﬁi:umzmmiaﬁwmsmn%’umsmz‘[wlﬁ ULHZAINNININIZLRDEY

v @ ] v A g oA = | a U e A 9 <
LNU 99.31% ‘ZNﬂ']uLﬂuﬂ'Wl‘UﬁUaﬂfNIaﬂTéWﬁS‘UU(ﬂaUNﬂ'ﬂL‘I/i(ﬂﬂ'l'imauﬂlﬂi‘ﬁﬂ'ﬁﬂigiﬂﬂLﬂu
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M5n5elam @%SuA False Positive (FP) fitindunilaelumsnadaviudumsiiazuainms

] ]
[

nsslaandaiiaany Naglussninninaznsslanasalng iiTamsinmauuas3amsasaeiiio

[

FUNUMINIEIANANATINY

nnuamsneassazallainnmanszlaaasiduazihladninnmanszlaaasdniiiiasnnms

= 1

= ‘d‘ < t-ﬂ' ‘d‘ (') = [J 4 QJ k4 U
nselamdnnazilumsnselaaniamsidsundaslunuiuny y NN ‘-'N'ﬂ’liﬂ@]ﬁ’.]ﬁ]ﬁ]iﬂﬂﬁl’]ﬂﬂ')'\

wnnszlaaligane wazUszmaniisninadaszuufemsliovazaeyuuaszaindasluudazauiicg
1 v d} 1 1 2 ‘:: v | =1 o Y 1
AaMI0TI93V tHasnnhluudasynneRzUnngszazaemsadauile ivhnudailviinads
szuvluuuuaInuansuznsLAaaulmEeIingen Layer IMSUMDENTBINIAIIIUMNS
nsslanvzuansliluansadn 4-29

[

wanutiannildsimsnagaumeanuuwziugedayadu aiidumseniisduuazlunila

4
% = = v =

& o A S v @ a4 oo v o o
muaﬂwmzmsmaaulm‘nﬂam INUADNINVISYULISINYDNND ﬂiﬂatﬂﬂﬁﬂmaﬂﬁmtﬂﬂi

P30 U12BINSNTELAN W lainuA False Positive 10 28030

dvisumanaasile Tunnlily Youtube.com
=& v = P
MEN50LENDLAN

https: //www.youtube.com/watch?v=CsbDWDKakxc

AITNN 4-29 AIDENNYBINITATINNUMINIELAN

MBENNN MWAIDENYBINMIATINRUM N5 LAA

1



https://www.youtube.com/watch?v=CsbDWDKakxc

o 1 ‘ﬂl
NIDYNN

fandDown

fandDown

MWAIDENYBINTATIRUM TN LAA

FandDown

163
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MBENaN MWAIDENYBINTATIRUM TN LAA

3

fandDown

= 2 = | =~
4.5.3 ﬂimﬂﬂ‘l:l"lﬂ"lstﬂﬂN?]?Ii*)ﬂ']"lﬂd‘ﬁ?ﬂﬂ‘iﬁﬂ

J

v e v < ¥ & ' ] a o o '
Toadayanldlunmsnadavasiluainyeasviesnaay ldaauiinasniniie
Useanaka CPU Intel Core i5 4590 @D 3.30 GHz lagl# OpenCV (Hu Library
§MSUUSENIINEOU Computer Vision waz CLNUI Library §mSufn@anunaed Kinect

%4 ] v v = £ ] l:!l v L}
uazdudidayamwuazdayannuan laslauisnsuszananaluyunaadelvagly

Thread  wazUsenlanawian 9nunuuauIulaegls OpenMP Library 395z 15 lums

[ 4

wmaamsagjﬂluizﬂ‘z 3 09 5.5 LNAT WATNAANNGWBIWBYINARNATDUN 180 .

]
4 =

P v Py 1 o v I ' ' v v & V= o
Lwalwﬂ']”lﬂdaﬂlﬂdﬂdﬂﬁiéjmutaﬂ LLB‘SI@?IE)NBVILUHH’JWU NI N ﬂﬁﬂl@‘lﬂ‘i‘Uﬂ’)u(ﬂ\i LAVIONA IS

u

ToanansNaaauwan 3 lumsen 4-30 Z99uadnaded True Positive (TP), False

Negative (FN), False Positive (FP)



MINN 4-30 HAWSNMINAFaUMSIUNH B LUIMea1 9
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TP/FN/FP Summary of Action
Action
{neday | fnadau | Wnedau | Wnedau | TP/FN 2MIINI
01 02 03 04 /FP 713293
g4/ u | 7/1/0 | 8/0/0 8/0/0 8/0/0 31/1/0 96.88%
‘lilﬂ 7/1/70 7/1/70 7/1/70 8/70/0 29/73/0 90.63%
nu 8/0/0 | 17/1/0 8/0/0 8/0/0 31/1/0 96.88%
By 8/0/0 | 4/4/0 8/0/0 8/0/0 28/4/0 87.50%
W83 | 30/2/0 | 28/4/0 | 31/1/0 | 32/2/0 | 119/9/0 -
@i’ltﬂgﬂ 93.79% 87.50% 96.88% 100% 92.96%

PNNSNABINBATINTATIAIULG LABRAENINNG 92.96% wazlinSLHauTUIN
winlaifinsluna3e (laifie False Positive) Taamsluniialuruawihldvasge tiiasann
Tadgwasyanai 2 lildlunialassnniuau wazdymarnanuazidaauaindasanudn
d’ ] 1 L4 = L Y o Vv =l 1 c}
nliaansousnszuinwinisiuuauresyaealamlimsluniislumusuzasyaaai 2

[

Nnaansniaend Fdaudinuraansnnyanadu 9lurmnusy

FanmaenzitiamamaivhItiae False Negative (FN) Alansudiaanive
wan 9 3 Uszms da (1) dadnaluaayunas aeluuaywaddminsaiuuaunaniiu
nlunlapeeraauiiiasaniimsuats, (2) Tamannadasmnasanassnnuanyiilyg

] Y (% < = ]
Turnansuldaansansiaduwaula, (3) szeznawazanisrlunsluniialimanzay
lumaih l1#aseenaezdeadanyunadlumsaindasnianvwansan uasfaaissuy
mausumeLdes ndgnluniiszaanudiemasvzdasnenulunisaunnauiu win

[] [ 4 M < 4 o [ [ I [l 4
Liasusulvdldsuyanasdntdasiagigszuulumsesadu wasilumsdieliszuu
Fsaaae lrnaulalagusiaannnsiiaudusnlagilaiinislunase (False Positive)

ToeleuaaanIadgmsnsIaauliamuesNn 4-31
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Abstract—Human action recognition system is fundamental of
human activity and behavior recognition, especially for video
analysis technologies. In this paper, we introduce an
improvement method for human action recognition proposed by
P.Chawalitsittikul er @/ The actions from RGBD multi-views,
taken from cameras at different static-viewpoints in the
overlapping Area of Interest, are fused at high-level decision.
Our empirical fusion model is derived from performances of
action recognition in various viewpoints: front, slant, side, back-
slant, and back. The results shown that the fusion model
improves significantly the accuracy using only one more camera.

Keywords-Action recognition; mulfi-view; fusion; viewpoint
indicator; RGBD

I. INTRODUCTION

Undesirable situation could happen all the time. In the 3™
generation of security system, the intelligent video analytics
will be employed for improving the daily life using different
advanced methodologies. Eventually, the better understanding
of human behavior, the system could provide the better quality
of life. The human action recognition, such as standing,
walking, sitting, bending and laying, is fundamental for
understanding the complex human behavior. In our previous
work, we focus on the human action analysis using only single-
view at a fixed viewpoint. Its main limitation is that there is not
enough information to cover perfectly the scene for solving
some serious situations, such as occlusion, obstruction, lost
information, and etc. In this paper, we propose a multi-view
approach to solve the problems, so using multiple cameras at
different static-viewpoints.

In human tracking, two main groups of researches for the
multi-view approach have been adopted to solve these
problems. The first group based on feature matching [2][3], ¢.g.
color histogram, texture, object features, trajectories [4]. The
second is relied on 3D information and alignment, e.g. epipolar
geometry [5], 3D volume coordination and projection [6][7],
field of views [8], ground plane constraints, and landmark
modality, In general, the calibrated system provides more
robustness and accuracy than the first approach, but come with
difficulty and complexity.

In action recognition, the multi-view fusion is mostly based
on feature level. Researches can be grouped into two major

approaches: 3D and 2D. The 3D emphasizes on 3D
reconstructed modeling for representing the features or

978-1-4799-1966-6/15/531.00 ©2015 IEEE

Nikom Suvonvorn
Department of Computer Engineering
Faculty of Engineering, Prince of Songkla University
Hatyai, Songkhla, Thailand 90112
nikom.suvonvorn{@gmail.com

descriptors of human from multi-views. The 3D approach is
often reliable and efficient for calibrated system, such as fixed
orientation and number of cameras, and it comes with time
consumption and complexity. The examples of 3D model for
human action classification: volumetric motion history [9], 3D
optical flows from harmonic 3D motion fields and correlation
[10], Gaussian mixture model from voxel images [11], skeletal
and super-quadratic modeling using voxels [12], hierarchical
and cylindrical human modeling [13], etc. In 2D approach,
human modeling use various feature representation schemes
from 2D multi-view images. The models are often adjustable
and flexible for arbitrary parameters and calibration, and
feasible for real-time recognition, e.g., simultaneous multiple
views action recognition using R-transform [14], bag of visual
word features [15], 2D motion history and dynamic Bayesian
[16], dynamic scene geometry [17], etc.

In multi-view high-level fusion, action recognition is the
combination of the weighting actions from several single-view
into a reliable result. M.A. Naiel [18] proposed high level
multi-view fusion using 2DPCA of motion history features in
order to classify action in single-view, and used the majority
votes with minimum distance to determine action result.
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Figure 1. Multi-view setup (b) Viewpoint definitions.

In this paper, we introduce a high-level fusion method for
improving the single-view human action recognition, proposed
by P.Chawalitsittikul et al. [1]. The method uses the RGB and
Depth information from multi-views taken from two cameras
perpendicularly at different static-viewpoints in  the
overlapping Area of Interest, shown in figure 1(a).
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Our concept of high-level fusion technique is derived from
the observation of action recognition in various viewpoints that
its performances are vary with respect to the viewpoint. For
example, laying action has high accuracy in the slant and side
viewpoint, but get less rate in the front and back viewpoints.
Our method will improve the accuracy by establishing the
weighting function of action recognition rates with respect to
the viewpoints, such as front, slant, side, back slant, and back,
shown in figure 1(b).

II.

In this section, we describe the single-view of action
recognition method proposed by P.Chawalitsittikul et al.
Firstly, human detection is segmented from depth image using
adaptive background subtraction method. Secondly, the head
and legs position features of human model are determined.
Finally, the artificial neural network is applied to the features
for action classification into five basic actions.

A

SINGLE-VIEW ACTION RECOGNITION

Human Detection

The adaptive background subtraction, using Gaussian
mixture-based background/foreground segmentation algorithm
[19], is performed for extracting the motion that assumed to be
human. This algorithm is robust to variant background which is
defined by a mixture of 3-5 Gaussian distributions. The human
object obtained from segmentation is then filled by depth
information and its color edge. The color edge is the intersect
of color image (I¢) and object edge in depth image (Op —
E(Op)). The edge is defined by the subtraction of human depth
object (0p) and erosion (E) of Qp, descripted in equation (1).

Hype = E(Ip) U (Ic N (Op — E(Op))) (M

B. Human Modeling and Classification Method

In human modeling, the process starts with finding the
center of mass in human object that refer to the head and legs
positions. Then, the vectors with the maximum magnitude,
from center of mass to human edge in each quadrant, are
determined. The four vectors will be collapsed into two
vectors, representing the head and legs respectively, by
considering the least angle between any two vectors. The
collapsing of vector is weighted by magnitude (D,) and color
distance (D) of vectors derived from equation (2) and (3). The
color distance for the next frame (Cr,,) can be updated from
color in last frame (Cr,) by equation (4). The weighting value
of first vector (w,) for combining is defined in equations (5)
and (6).
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The weighting value will be adjusted by magnitude (D,) and
color distance (D.) using alpha ratio (o), shown in equation
(7). Then, the second vector (w,) is simply defined as a
complement of w, using equation (8).

Wy = 0y + (1 - av)mc

(N
(8)

Finally, the positions of two vectors pointed to head and legs
are combined into a single vector using weights of each vector
following equation (9).

w; = 1— wy

P(xy) = wyPi(Ay,. 4y, ) + @02Ps(dy,, Ay) 9
The features of human model, which are defined using upper
vector (center to head vy,) and lower vector (center to legs vy),
consist of the angle (8},) between body and head ¥, the angle
(8;) between body and legs V), the disparity (Dy) for the
difference of depth value between head and center, and the
disparity (D) for the difference of depth value between legs
and center, These features are necessary for classifying the
actions. The artificial network is used as classification method,
which is trained by back-propagation using single hidden layer.

1L

In our high-level fusion concept, the method is based on a
weighting technique for determining the best action from
different viewpoints. The action with highest weight is
preferred that would increase the accuracy of recognition rate.
The establishment of method is sharped from the different
empirical observations of the single-view action recognition in
various viewpoints, as shown in figure 2.

HIiGH LEVEL MULTI-VIEW ACTION FUSION



A. Empirical Observation for Viewpoint Action Recognition

During our experimentation, we found that the accuracy of
action recognition method depends on its viewpoints that
human features obtained from each viewpoint are variance due
to noises, perspective distortion, or lack of information. For
example, the sitting action detected from the front viewpoint is
less accurate than side viewpoint. Bending action recognized
from the front, back-slant and back viewpoints is less accurate
than from the side viewpoint. Hence, we experiment the
recognition method, described in section I, in five viewpoints
to find the accuracy of every actions. The results are shown in
table 1. The table Il shows the confusion matrix of single-view
action recognition. These results will be used further in the
fusion process.

TABLE L. ACTION RECOGNITION ACCURACY WITH RESPECT TO
VIEWPOINT
. N Viewpoint Accuracy (%)
Desired Action Front | Slamt | Side | Back-slamt | Back | Average
Standing 8121 | 7659 | 7595 | 7286 | 61.83 | 73.68
& walking
Sitting 85.61 | 44.75 | 53.72 29.97 93.00 | 6141
Bending 62.57 | 73.61 | 85.80 3.95 6.32 4645
Laying 0 78.67 | 98.06 89.56 0 53.25
TABLE I CONFUSION MATRIX OF ACTION RECOGNITION ACCURACY
Target Actions (%)
Standing .y . N
& walkine Sitting | Bending | Laying
Desired | Standing ”
Actions | & walkin 74.14 23.75 3227 27.06
(%) Sitting 2322 61.90 18.69 10.33
Bendin, 2.46 14.03 48.52 6.38
Laying 0.18 0.32 0.52 43.35

B. Viewpoint Measurement

The measurement of viewpoint is the way to determine the
viewpoint which is the direction of camera pointed to the
observing human in action. The considering viewpoints
consist of the front, slant, side, back-slant and back
viewpoints, respectively. This measurement is very important
in order to determine the accuracy of action recognition
related to the viewpoint. The first process of feature
determination is segmentation. The viewpoint is recognized
from human features: width, axis and height. We define the
positions of segment in order to calculate the features along
human object vertically and horizontally following figure 3(a)
and figure 3(b). For the width and axis features (shown in
figure 3(c)), the extracted object of human is divided equally
into ten segments vertically along the body from top to
bottom, using equation (10). For each segment of ten width
features (WF( 1)), the width value is determined by the
projection of white intensity pixel (I=1) in each row segment
as described in equation 11. And axis feature (AF(i)) of any
segments can be computed by finding position of first white
pixel (LP,) and last white pixel (RP,) to define its center as
equation 12.
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Figure 3. Viewpoint Measurement Features,
(a) and (b) are vertical and horizontal segmentation in side sitting,
(c) is viewpoint feature in side bending consisted: 10 width features,
10 axis features and 8 height features.

The height features (shown in figure 3(c)) are divided equally
into ten column segments along horizontal of human body
from left to right following equation 13. The value of height
can be calculated by projection of white intensity pixel (I=1)
in the each column segment as described in equation 11.

PyWF(i), PyAF (i) = (“’WSH‘) |[i=1..10  (10)
WF(@) = Z825 (% PYWF (D) 101y (1

AF (i) = LP(PyAF (i)) + (PRI (1)
Px()—(Eu)|;_1 .8 (13)

HF (i) = £ f(PxHF,, ¥) 1141) (14)

Finally, the artificial neural network is applied in order to
classify the 5 types of viewpoint by using 28 human features
as input.

C. Fusion Model

In this step, the fusion model is described. The model is
established simply as weighting function. It is defined by the
weight of accuracy rate of actions from every viewpoints based
on the empirical learning result, shown in table T and table II.

The accuracy values of actions (A;;) with corresponding to
the specific viewpoint, depicted in table T, is determined as
lookup table style, shown in equations (15).

Aa,-.v;( = ta[vy][a;] (15)

Where, ta is table of actions with respect to viewpoint, vy, is
the viewpoint &, and a; is the action 7.



For simple fusion model, we use the A, ,, value to choose
the optimal action, e.g., if the sitting and standing actions are
the results of the front and side viewpoints, which 4 values are
85.61 and 75.93. So, the sitting action is sclected. However,
from experimentation, we found that only this consideration is
not enough to obtain the best result. So, we introduce more
information to the decision is that the confusion matrix of
actions.

The complex fusion model is defined by some additional
parameters as following. The accuracy values of confusion
actions (C;;) from every viewpoints, shown in table I1, need to
be determined as lookup table style, shown in equations (16)

(16)

— d
€yt ot = telaf][af]

‘Where, tc is table of confusion matrix of actions, af and a? are
the target and desired action i correspondingly.

We establish a fusion function Fa,-a;- for an action a; at
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viewpoint v, with a penalty action a; as follow:

F,

a0,v (17)

aj.a

= (Cuf‘a{‘ —aAg ) — Cyut ¢

Where o is an adjustable parameter of our method.

For example, if the sitting and standing actions are the
results of the front and side viewpoints, and the penalty actions
are standing and sitting actions respectively. So, we need to
compute the fusion function for both viewpoints separately

First viewpoint, the F value is weighted for sitting action
as:

= (61.90 — a85.61) — 23.75

Gsitting@standV front
And the second viewpoint, F value is weighted for standing
action as:
= (74.14 — 075.93) — 23.22

Astand@sittingVside

Then, we compare the F values for action selection, An
action is chosen if only if / value from that viewpoint is
maximum value.

IV. EXPERIMENTAL RESULTS

Our system is implemented on Intel Core i7-4700MQ
24GHz using OpenCV and CLNUI libraries, acquired
640x480 pixels of RGBD information at 9 fps. Every single-
view is processed on parallel using OpenMP. We test system
with video datasets along 8700 frames for every action of two
viewpoints, in which its directions are perpendicular, and focus
on the overlapping area of interest. The range of processing is
about 3 to 5.5 meters.

The time consumption is 110 ms for single-view and 240
ms for multi-view without parallel, and 180 ms for multi-view
with parallel. Two experiments are performed: simple fusion
model and proposed fusion model.

A. Simple Fusion Model

The experiment result is shown in table [TI. We can noticed
that the simple fusion model can improve the majority of
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actions up to 98.71% for side laying, but dissatisfy for sitting.
The false positive of sitting to be walking is about 23.75%.
The overall results are increased at average 11.86 %. The
experimental examples for this model can be shown in figure
4 (a-b).

TABLE 1L RESULTS FROM SIMPLE FUSION MODEL

Action Viewpoint Accuracy (%)

3 Front | Slamt | Side | Back-slamt | Back | Average
Stnding | ¢354 | 7990 | §7.97 | 8407 | 67.98 | 8071
& walking
Sitting 68.87 | 26.10 | 68.58 17.67 88.48 53.94
Bending 82.34 | 60.05 | 84.66 59.32 39.12 | 65.10
Laying 77.66 | 96.89 [ 98.71 94.95 4422 | 8249

B. Complex Fusion Model

We experiment our complex fusion model using a = 0.4,
The result is show in table IV. We can observed that the
complex fusion model can significantly increase the
accuracies of front bending and side laying actions up to
95.80% and 99.03%, respectively. However, the sitting and
standing/walking are still but acceptable. The inferior result
occurred on standing/walking while the complex model
improves other actions because standing/walking is majority
false desirable result of other actions. The overall results are
increased at average 13.94 %. The experimental examples of
complex fusion models show in figure 4(c-d).

TABLETV. RESULT FOR COMPLEX FUSION MODEL
. Viewpoint Accuracy (%)

Action Front | Slamt | Side | Back-slant | Back | Average
Standing | o 14 | 5595 | 6815 | 7048 | 55.99 | 6100
& walking
Sitting 68.87 | 3492 | 68.58 54.89 74.07 60.27
Bending 9581 | 76.13 | 92.90 7542 51.02 78.20
Laying 96.70 | 98.22 | 99.03 97.98 86.14 95.62

We found that some desirable results from our proposed
fusion model is mainly caused by errors of the wrong
prediction from the viewpoint measurement step, noted that its
accuracy is only 84.9%

V.

In this paper, we proposed a high-level based action fusion
method using multi-view to improve action recognition rate.
The overall result rise up to 11.86 % and 13.94 % by using our
proposed simple and complex fusion models. The maximum
improvement for some actions is up to 96.70 %. In further
work, the viewpoint measurement technique needs to be
enhanced that might increase considerably the global result.
Additionally, the feature levels of action fusion should be
explored using the 3D reconstruction.

CONCLUSION AND FURTHER WORK
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Abstract

Human action recognition is a fundamental step for understanding complex activities or behaviors, especially for
video surveillance and health-care applications. In this paper we introduce a profile-based human action
recognition from multi-view cameras using RGB-D information through the Rectangular Layer Model (RLM).
Our model tends to improve the performance when the perspective distortion or the lack of information occurs
due to the single-view approach. The fusion model is tested for five basic actions: walking and standing, sitting,
bending, and laying, at different perspective viewpoints. The system can perform at 28.99 fps while its overall

precision is significant at about 92.25%.

Keywords: action recognition, multi-view, depth information, rectangular layer model

1. Introduction

Nowadays, intelligent video analytics play an
important role in daily life for the detection and
investigation of the abnormal events, especially for the
security and health-care applications that could save
lifes and properties. In the understanding of human
behavior, the action analysis is a fundamental step to
serves these goals. However, most research works on
action analysis are still used information from only one
viewpoint that does not allow to solve completely
some serious problems such as occlusion, obstacle and
lack of information. These problems can be solved
intuitively by a multi-view approach using information
from different viewpoints of the same Area of Interest.
Nevertheless, a fusion technique is additionally
needed, which is the key feature for combining
information from the multi-view cameras. Recently,
many interesting fusion methods are proposed,
concerning either 2D or 3D techniques. The examples
for 2D are follows: the bag of visual-words using
spatio-temporal interest point for human modeling and
classification [1], invariance multi-view action masks
and movement representation vector [2], R-transform
feature from simultaneous multiple views [3],
silhouette feature space with PCA [4], etc. Concerning

the 3D approach, the 3D human model will be
reconstructed by fusing the features between views,
where the camera calibration between viewpoints are
needed that may increase the complexity and time
consumption. The examples are follows: tracking of
3D joint of skeleton [5], human modeling with 3D
circular volume [6], 3D optical flows in 3D motion
context [7], and temporal shape similarity in 3D video
[8]. In our previous works we focus mainly on 2D-3D
techniques, which emphasize on the single-viewpoint
of profile-based human action recognition using the
3D vector modeling [9], the interior 2D part movement
[10], the deformable triangulation for skeleton
extraction using string matching [11], the motion
feature of depth map with hierarchical growing neural
gas leamning (GNG) [12] and the local histogram of
optical-flow descripted by rectangular using Adaboost
classifier [13].

In this paper we introduce a method for human
action recognition from multi-view cameras using a
feature-level fusion technique, called the Rectangular
Layer Model (RLM). The RGB-D information is
obtained from two cameras at different viewpoints,
observing the specific Area of Interest. The RLM will
fusion the features from these views to construct a
human model, and classify the actions using
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conventional classification methods. The system
overview is illustrated in Figure 1.

Single-view 1

Human
Detector

Single-view 2

Human
Detector

Single-view Layer Single-view Layer
Feature Extractor Feature Extractor

v \

Multi-view Fusion

Rectangular
Layer Model (RLM)
& Action Classifier

Action Result

Figure 1. Overview of the human action recognition
system using the Rectangular Layer Model.

2. Materials and Methods
2.1 Single-view processing

Single-view processing consists of two main
functions: human detection and feature extraction. In
preprocessing and human detection, it consists of five
steps: motion detection, noise reduction, filling depth
in motion object, object localization, and arm
rejection. For motion detection, an adaptive
background subtraction, the Gaussian mixture-based
background/foreground segmentation algorithm [14],
is applied in order to separate the human object from
the depth background. The detected movement, or
motion object, will be initialed as human. Afier that,
the noise of motion object is reduced by using opening
and closing morphological operators. This is followed
by filling the depth information using AND operation,
between motion object and depth information, as the
motion-depth object. Then, we trace the boundary of
the object using contour finding to locate the minimum
rectangle or bounding box of the object that is used
later in feature extraction. Additionally, a simple
technique for arm rejection is applied in order to
decrease the false alarm caused by the protruded parts
that lead to false classification. The technique is based
on the horizontal and vertical image projection,
adapted from character segmentation algorithm, which
is well-known in Optical Character Recognition
(OCR).

In feature extraction step, each motion-depth object
will be proceeded. We divided the features into two
types: regular and penalty features. The regular
features are represented in a layer format (Figure 2).
Its concept is derived from the fact that the specific
horizontal portions of human object, also displayed as

layers, can represent the characteristic of different
actions while allowing to reduce the dimension of

feature data.

=

Layer’s
s properties
=2 Center
= Width
Bounding
box of Sampling into > Depth
object layers: > Area

Figure 2. Rectangle layer features.

In the layer sampling step, the motion-depth object
surrounded by the bounding box will be sampled
horizontally NV rows for NV layers. A sampling row (R)
of layer could be demonstrated by equation (1). Where
+ is the number of object’s rows and V' is the number
of layers.

R(D) = ( r Xi)|i=12.,N (1
N +1

After acquiring the row of each layer, its properties
will be determined, for instance the width of layer (1)
and the depth of layer (D). In each layer i, the W is
calculated from the projection of bright-intensity pixel
(B) where its depth value is greater than a Depth
Threshold (T), as described in equation (2). The D is
determined by the average of bright-intensity pixel (B)
of motion-depth object, defined by equation (3). Note
that ¢ the number of object’s columns.

<

w(i) = Z B(x, R(i)) )
D(i) = %=1 f(B(x, R(i))) 3)

%=1 B, R(D)

In order to correct the depth values which are non-
linear according to the perspective distortion, depth of
layer (D) must be converted to real-depth (D) in
centimeter with respect to the intensity depth. We use
the intensity-depth to real-depth conversion equation
from P. Chawalitsittikul [15] that can be derived by
polynomial regression power sixth as following
equation (4).

Dy = 1.2512174874918¢ 10D —
1.0370379397852e~7D5 +
3.5014810721037¢5D* — )
0.0061006393631D° +

0.5775953878726D% —
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27.6342681663553D +
5.6759940397611e?

Finally, both properties are needed to be normalized
using its max value, as show in equation (5) and (6).

w,@() = & ®)
" max(W)
L Dr@
D, (1) = D) (6)

In addition, we establish a penalty feature that aims to
support the classification of laying from other actions
which is quite different. The feature is define as width-
height ratio (o) of the bounding box of the object as
follows equation (7):

c
x= — (7)

-
The features mentioned above will be applied to the
multi-view fusion using the models which will be
detailed in the following section.

2.2 Multi-view feature fusion

In single-view, features might be insufficient
perhaps to recognize actions affected by the
perspective distortion and lack of information, thus the
fusion of features from several single-views are
necessary. Our proposed multi-view fusion method is
based on the rectangular layer feature. Two models are
established: Rectangular Layer Model (RLM) and
Inverse Rectangular Layer Model (InvRLM).

Model 1 Rectangular Layer Model (RLM) is the
simple model that will use only the width of layer (W,)
to estimate the rectangular area feature (RA) with the
maximum of width-height ratio (,,,,). The idea is
demonstrated in Figure 3.

o
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Multi-view W,x W, Rectangular
with Area Feature
Overlap Area

Figure 3. Demonstration of rectangular layer model in
sitting and bending.

The Rectangular Area feature (RA) in each layer
is determined by the multiplication of the widths of
layers (W,) from the corresponding layers, as shown
in equation (8).

RA(D) = Wa(Dviews X Wa(Dviewz ®)

Then, it will be concatenated into a feature vector that
is appropriate to training technique according to the
specific classification method. The feature vector is
defined as follows equation (9).

Frq € {RA(1),RA(2), RA(3) ©
’ ---.fR(ﬂ(N)v Xmax }
Model 2 Inverse Rectangular Layer Model
(InvRLM) is derived from concept of the fact that
when cameras are setup to view horizontally as
overhead view manner, the depth value will inversely
indicate the hidden volume of the object. For example,
considering the sitting action from the front view, the
depth value of the upper legs will be smaller than the
other parts of body, while having the width of layer
(W,) value nearly the other parts, as shown in Figure
4. Therefore, we established Inverse-Depth Weight
Kernel (7DX), as described in equation (10), which
aims to adjust the rectangular area feature (RA) to
enhance the pattern of features that lead to a better
classification in some actions. Thus, in the improved
feature, the W, will be multiplied by DX in order to
induce the corresponding actions, as a weighted W,
(W,,), as shown in equation (11).

Wn in front
sitting Weighting
Kernel

Inverse-Depth Weighted Wn

Figure 4. Example of Inverse Depth Weighting
Kernel.

(D) - max(D)
PHD = Cnin@y)- max@y

Wi () = Wh(i) % IDK(D) ()]

However, we still believe in both width of layer
(W,) and weighted width of layer (W,,) features.
Thus, the adjustment of the weight of these features is
balanced by using & learning rate, which will provide
the completely weighted width of layer (W,), as
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shown in equation (12). Then, the weighted
rectangular area feature (RA,) is estimated by
equation (13). And finally, the RA, will be
concatenated with the maximum of width-height ratio
(Xmayx) from all views into the feature vector is
determined by equation (14), which is suitable for the
classification.

WD) =(A-aO)xW)+(axW,) (12)
RA (1) = Wae(Dviews X W (Dviewz (13)

Fra, € {RAp (D, RAL (D, RALB) (14
s eeer ReA Yy (N): Xinax }

Action classification in our experiment of action
classification, we use two traditional classification
methods: artificial neural network (ANN) and support
vector machine (SVM), applied to both fusion models.
We trained the ANN with back-propagation algorithm
using 10 and 20 hidden nodes for the Models 1 and 2
respectively. Also, we trained SVM using radial basis
and C-SVC functions.

3. Results and Discussion

We notice that the standard benchmarks or
datasets, focusing on actions analysis in depth data and
multi-views, are not established. In experimentation,
we then built our own datasets. The action range is
about 3 to 5.5 meters from cameras that could acquire
the full human body. The training dataset includes
8700 action frames in a clear room scene, whereas the
angle between cameras are perpendicular. An example
of the scene is shown in Figure 5. In addition, the
testing dataset is built in different scene including 7800
action frames, with three different angles: 45°, 60° and
90° degrees. The example scene is shown in Figure 6.
Our system is tested on CPU Intel Core i5 4590 at
3.30GHz using the OpenCV for computer vision
library, OpenMP for parallel processing and CLNUI
for acquiring the depth information from Kinect
camera. We divide the single-view processing into
threads which are simultaneously operated using
parallel processing.

Figure 5. Example scene of experiment in trained
dataset.

Figure 6. Example scene of experiment in tested
dataset.

Regarding the time consumption, we measured the
time using OpenMP wall-clock and OpenCV tick-
frequency timer that does not affect different
measurements of time consumption for models and
classifiers. We found that the time consumption, or
execution time, of each frame is around 35
milliseconds, or 29 fps, as shown in Table 1.

Table 1. Average time consumption of system.

Time
Consumption  Frame Rate (fps)

Classifier (ms)
Moldel M(;del Moldel Model 2
ANN 3426 3449  29.19 28.99
SVM 3553 3482 28.15 28.72

The average of time consumption in Table 1 shows
that the time systems of different models are very
similar. The minimum processing time is 34.26 ms in
model 1 while using ANN Classifier. The processing
frame rate is around 28-30 fps which coincided with
the framerate of Kinect camera at 30 fps. As a result,
the system can be performed in real-time.

The precision measurement is estimated from
frames of both views where human are detected. The
true positive is counted only if the true target actions
are correctly classified, in contrast the false positive is
when the recognized actions are incorrect. Though, the
true and false negatives are not evaluated. To evaluate
the fusion model, we defined a test dataset where the
angle between cameras are different in order to test the
robustness of models in every action. In addition, we
tested the performance for both classification methods:
artificial neural network and support vector machine,
as shown in section A. and B. respectively. The testing
dataset concerns the actions at normal speed and view
of human in every perspective. The recorded videos of
our experimental model using Artificial Neural
Network (ANN) are available on
https://www.youtube.com/watch?v=WRAqOA-0vhk
(Evaluated on Test Dataset) and
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https://www.youtube.com/watch?v=uTPiyOInlFA
(Evaluated on Trained Dataset).

3.1 Experimentation of RLM

We experimented the RLM using only rectangle
areas as the least complex model. We tested both ANN
and SVM, and the average of ANN result is 90.37%
and 83.97% for SVM. It appears that ANN performs

Table 2. Precision of RLM,

better than SVM following the Table 2. The majority
of RLM results are significant with respect to actions
and angles between cameras. However, the
performance of sitting action is not adequate in the
narrow angle, especially for the sitting in slant view;
its features are similar to the Walking & Standing
action. When the angle between the cameras is very
narrow, the precision is reduced accordingly.

ANGLE BETWEEN CAMERA

ACTION Precision of ANN (%)  Precision of SVM (%)

45° 60° 920° 45° 60° 90°
Walking & Standing 96.75 99.09 9935 9094 99.64 96.12
Sitting 69.17 7590 87.67 50.78 52.87 63.85
Bending 9235 87.16 8376 8871 86.53 80.13
Laying 98.82 9747 96.97 98.63 100.00 99.42
Average in Angle 89.27 89.91 9194 8226 84.76 84.88
Overall 90.37 83.97

3.2 Experimentation of InvRLM

The experimental results are detailed in Table 3. In
summary, the overall accuracies of InvRLM model
using ANN and SVM are 92.25% and 85.57%
respectively. In this experiment, the weight adjustment
parameter & are specified to 0.5 and 0.7. We found that
the precision is 82.50% when & is 0.5 and 92.25%
when @ is 0.7. Therefore, the optimal value of & is 0.7.

Table 3. Precision of InvRLM.

We noticed that the InvRLM model, which is the
enhancement of RLM by using properties of real-depth
to weight the pattern of rectangle area, can improve the
precision of sitting action which is the problem of
RLM. However, it decreases the precision of laying
action that is caused by the lack of body parts, which
normally requires the full-part of human object. In
most laying errors, the lack of human’s body parts will
cause the depth value to be close to background, which
makes it very difficult to separate the motion.

ANGLE BETWEEN CAMERA

ACTION Precision of ANN (%)  Precision of SVM (%)

45° 60° 90° 45° 60° 90°
Walking & Standing 9590 98.18 93.53 91.11 95.09 84.48
Sitting 9791 99.79 9943 99.79 100.00 99.72
Bending 93.62 89.05 87.61 93.81 B85.68 83.33
Laying 81.37 84.44 86.17 7373 6245 57.64
Average in Angle 9220 92.86 91.68 89.61 85.81 81.29
Overall 92.25 85.57

Table 4, Precision comparison.

PRECISION RATES OF ACTION (%)

Method Standing  Walking _ Sitting  Bending  Laying  Average
Our method 95.87 95.87 99.04 90.09 83.99 9297
P. Chawalitsittikul [9] 98.00 98.00 93.00 94.10 98.00 96.22
N. Noorit [10] 99.41 80.65 89.26 94.35 100.0 92.73
Chi-Hung [11] - 92.40 97.60 95.40 - 95.80
G. 1. Parisi [12] 96.67 90.00 83.33 - 86.67 89.17
N. Sawant [13] 91.85 96.14 85.03 - - 91.01
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3.3 Precision Comparison

Table 4 shows the comparison results. We compare
the performance of our methods with the single-view
action recognition system, proposed by P.
Chawalitsittikul [9] and N. Noorit [10]. The
experiment of InvRLM is performed using ANN
classifier (average values from all angles between
cameras). We can notice that our work demonstrate
approximately the same precision with the other
methods. However, our method can perform good
results in various orientations, and executed faster at
28.99 fps.

4. Conclusion

In this paper we proposed the multi-view fusion
model for profile-based human action recognition
using depth information. Our fusion models can
achieve the action recognition at every camera
viewpoint. The overall precision is at 92.25% in
average by using InvRLM with ANN classifier, and
can be performed in real-time at 28.99 fps.

In further works, we will apply new advanced
methods for better action classification. In addition, we
will consider the human model that can recognize
more complex actions. Additionally, the features
might be partially 3D for structural movement
modeling.
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Vision-based action recognition encounters different challenges in practice, including recognition of the subject from any
viewpoint, processing of data in real time, and offering privacy in a real-world setting. Even recognizing profile-based human
actions, a subset of vision-based action recognition, is a considerable challenge in computer vision which forms the basis for an
understanding of complex actions, activities, and behaviors, especially in healthcare applications and video surveillance systems.
Accordingly, we introduce a novel methad to construct a layer feature model for a profile-based solution that allows the fusion of
features for multiview depth images. This model enables recognition from several viewpoints with low complexity at a real-time
running speed of 63 fps for four profile-based actions: standing/walking, sitting, stooping, and lying. The experiment using the
Northwestern-UCLA 3D dataset resulted in an average precision of 86.40%. With the i3DPaost dataset, the experiment achieved
an average precision of 93.00%. With the PSU multiview profile-based action dataset, a new dataset for multiple viewpoints which

provides profile-based action RGBD images built by our group, we achieved an average precision of 99.31%.

1. Introduction

Since 2010, action recognition methods have been increas-
ingly developed and have been gradually introduced in
healthcare applications, especially for monitoring the elderly.
Action analysis plays an important role in the investigation of
normal or abnormal events in daily-life activities. In such
applications, privacy and convenience of usage of chosen
technologies are two key factors that must be thoroughly
considered. The pattern of recognized actions is an important
function of a system for monitoring complex activities and
behaviors which consist of several brief actions constituting a
longer-term activity outcome. For example, a sleeping process
involves standing/walking, sitting, and lying actions; and a
falling process includes all actions mentioned above except
sitting.

Recently, two main approaches have been studied and
proposed for determining these actions: a wearable sensor-
based technique and a vision-based technique.

Wearable inertial sensor-based devices have been used
extensively in action recognition due to their small size,
low power consumption, low cost, and the ease with which
they can be embedded into other portable devices, such as
mobile phones and smart watches. An inertial sensor used
for performing navigation commonly comprises motion and
rotation sensors, (e.g. accelerometers and gyroscopes). It
provides the path of movement, viewpoint, velocity, and
acceleration of the tracked subject. Some research studies
have used wearable sensors [1-3], mobile phones [4-7], and
smart watches [8] for recognizing different actions. In some
research, the focus was on detection of abnormal actions,
such as falling [9-11], or on reporting status for both normal
and abnormal situations [12]. To recognize complex actions,
moreover, several sensors must be embedded at different
positions on the body. The only limitation of inertial sensors
is the inconvenience presented because sensors must even-
tually be attached to the body, which is uncomfortable and
cumbersome.
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For vision-based techniques, many studies emphasize
using either a single-view or multiview approach for recog-
nizing human actions.

In a single-view approach, four types of feature repre-
sentation have been used: (1) joint-based/skeleton-based, (2)
motion/flow-based, (3) space-time volume-based, and (4)
grid-based:

(1) Joint-based/skeleton-based representation defines
the characteristics of human physical structure and
distinguishes its actions, for example, multilevel of
joints and parts from posing features [13], the Fisher
vector using skeletal quads [14], spatial-temporal
feature of joints-mHOG [15], Lie vector space from
a 3D skeleton [16], invariant trajectory tracking
using fifteen joints [17], histogram bag-of-skeleton-
codewords [18], masked joint trajectories using 3D
skeletons [19], posture features from 3D skeleton
joints with SV M [20], and star skeletons using HMMs
for missing observations [21]. These representations
result in clear human modeling, although the com-
plexity of joint/skeleton estimation requires good
accuracy from tracking and prediction.

(2) Motion/flow-based representation is a global feature-
based method using the motion or flow of an object,
such as invariant motion history volume [22], local
descriptors from optical-flow trajectories [23], KLT
motion-based snippet trajectories [24], Divergence-
Curl-Shear descriptors [25], hybrid features using
contours and optical flow [26], motion history and
optical-flow images [27], multilevel motion sets [28],
projection of accumulated motion energy [29], pyra-
mid of spatial-temporal motion descriptors [30], and
motion and optical flow with Markov random fields
for occlusion estimation [31]. These methods do not
require accurate background subtractions but make
use of acquired, inconstant features that need strategy
and descriptors to manage.

(3) Volume-based representations are modeled by stacks
of silhouettes, shapes, or surfaces that use several
frames to build a model, such as space-time silhou-
ettes from shape history volume [32], geometric prop-
erties from continuous volume [33], spatial-temporal
shapes from 3D point clouds [34], spatial-temporal
features of shapelets from 3D binary cube space-
time [35], affine invariants with SVM [36], spatial-
temporal micro volume using binary silhouettes [37],
integral volume of visual-hull and motion history
volume [38], and saliency volume from luminance,
color, and orientation components [39]. These meth-
ods acquire a detailed model but must deal with high
dimensions of features which require accurate human
segmentation without the background.

(4) Grid-based representations divide the observation
region of interest into cells, a grid, or overlapped
blocks to encode local features, for example, a grid or
histogram of oriented rectangles [40], flow descrip-
tors from spatial-temporal small cells [41], histogram
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of local binary patterns from a spatial grid [42] and
rectangular optical-flow grid [43], codeword features
for histograms of oriented gradients and histograms
of optical flow [44], 3D interest points within mul-
tisize windows [45], histogram of motion gradients
[46], and combination of motion history, local binary
pattern, and histogram of oriented gradients [47].
This method is simple for feature modeling in the
spatial domain, but it must deal with some duplicate
and insignificant features.

Although the four types of representation described in the
single-view approach are generally good, in monitoring a
large area, one single camera will lose its ability to determine
continuous human daily-life actions due to view variance,
occlusion, obstruction, and lost information, among others.
Thus, a multiview approach is introduced to lessen the
limitations of a single-view approach.

In the multiview approach, methods can be categorized
into 2D and 3D methods.

Examples of the 2D methods are layer-based circular
representation of human model structure [48], bag-of-visual-
words using spatial-temporal interest points for human mod-
eling and classification [49], view-invariant action masks
and movement representation [50], R-transform features [51],
silhouette feature space with PCA [52], low-level character-
istics of human features [53], combination of optical-flow
histograms and bag-of-interest-point-words using transition
HMM:s [54], contour-based and uniform local binary pattern
with SVM [55], multifeatures with key poses learning [56],
dimension-reduced silhouette contours [57], action map
using linear discriminant analysis on multiview action images
[58], posture prototype map using self-organizing map with
voting function and Bayesian framework [59], multiview
action learning using convolutional neural networks with
long short term memory [60], and multiview action recogni-
tion with an autoencoder neural network for learning view-
invariant features [61].

Examples of the 3D method, where the human model
is reconstructed or modeled from features between views,
are pyramid bag-of-spatial-temporal-descriptors and part-
based features with induced multitask learning [62], spatial-
temporal logical graphs with descriptor parts [63], temporal
shape similarity in 3D video [64], circular FFT features
from convex shapes [65], bag-of-multiple-temporal-self-
similar-features [66], circular shift invariance of DFT from
movement [67], and 3D full body/pose dictionary features
with convolutional neural networks [68]. All of these 3D
approaches attempt to construct a temporal-spatial data
model that is able to increase the model precision and, con-
sequently, raise the accuracy of the recognition rate.

The multiview approach, however, has some drawbacks.
The methods need more cameras and hence are more costly.
It is a more complex approach in terms of installation,
camera calibration between viewpoints, and model building
and hence is more time-consuming. In actual application,
however, installation and setup should be simple, flexible,
and as easy as possible. Systems that are calibration-free or
automatically self-calibrating between viewpoints are sought.
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F1GURE 2: Preprocessing and human depth profile extraction; (a) 8-bit depth image acquired from depth camera; (b) motion detected output
from mixture-based Gaussian model for background subtraction; (c) blob position: consists of top-left position (X, Y, ) and width (W) and
height (Hy); (d) rejected arm parts of human blob; (e) depth profile and position of human blob: X, Y,, W, and Hy.

One problem facing a person within camera view, be
it one single camera or a multitude of cameras, is that of
privacy and lighting conditions. Vision-based and profile-
based techniques involve the use of either RGB or non-RGB.
The former poses a serious problem to privacy. Monitoring
actions in private areas using RGB cameras make those
under surveillance feel uncomfortable because the images
expose more clearly their physical outlines. As for lighting
conditions, RGB is also susceptible to intensity; images often
deteriorate in dim environments. The depth approach helps
solve both problems; a coarse depth profile of the subject is
adequate for determining actions, and depth information can
prevent illumination change issues, which are a serious prob-
lem in real-life applications of round-the-clock surveillance.
The depth approach that is adopted in our research together
with a multiview arrangement is considered worthy of more
costly installation than the single-view approach.

A gap that needs attention for most multiview, non-RGB
results is that of perspective robustness, or viewing-orienta-
tion stability, and model complexity. Under a calibration-free
setup, our research aims to contribute to the development of
a fusion technique that is robust and simple in evaluating
the depth profile of human action recognition. We have
developed a layer fusion model in order to fuse depth profile
features from multiviews and to test our technique on a triple
dataset of validation and efficiency. The three datasets tested
are the Northwestern-UCLA dataset, the i3DPost dataset,
and the PSU dataset for multiview action from various
viewpoints.

The following sections detail our model, its results, and
comparisons.

2. Layer Fusion Model

Our layer fusion model is described in three parts: (1)
preprocessing for image quality improvement; (2) human
modeling and feature extraction using a single-view layer
feature extraction module; and (3) fusion of features from any
view into one single model using layer feature fusion module
and classifying to actions. The system overview is shown in
Figure 1.

2.1 Preprocessing. The objective of preprocessing is to segre-
gate human structure from the background and to eliminate
arm parts before extracting the features, as depicted in
Figure 2. In our experiment, the structure of the human
in the foreground is extracted from the background by
applying motion detection using mixture of Gaussian model
segmentation algorithms [69]. The extracted motion image
(I,,) (Figure 2(b)), from the depth image (I;) (Figure 2(a)), is
assumed to be the human object. However,I,,, still contains
noise from motion detection, which has to be reduced by
morphological noise removal operator. The depth of the
extracted human object, defined by its depth values inside the
object, is then improved (I,,,) as determined by intersecting
I, and I, using the AND operation: I, =T, &I ;.

The human blob, with bounding rectangle coordinates X,
and Y, width W, and height H,, as shown in Figure 2(c), is
located using a contour approximation technique. However,
our action technique emphasizes only the profile structure
of the figure, while hands and arms are excluded, as seen in
Figure 2(d), and the obtained structure is defined as the figure
depth profile (I,,,) (Figure 2(e)) in further recognition steps.
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FrGure 3: Layered human model for multiview fusion: (a) sampled layer model for standing; (b) sampled layer model for sitting.

2.2. Layer Human Feature Extraction. We model the depth
profile of a human in a layered manner that allows extraction
of specific features depending on the height level of the
human structure, which possesses different physical char-
acteristics. The depth profile is divided vertically into odd-
numbered layers (e.g., 5 layers, as shown in Figure 3) with
a specific size, regardless of the distance, perspective, and
views, which would allow features of the same layer from all
views to be fused into reliable features.

The human object in the bounding rectangle is divided
into equal layers to represent features at different levels of
the structure, L[k] — k € {-N, -N+l, -N+2,...,0, 1, 2, N-2,
N-1, N}. The total number of layers is 2N+1, where N is the
maximum number of upper or lower layers. For example, in
Figure 3, the human structure is divided into five layers (N
equals 2): two upper, two lower, and one center; thus the layers
consist of {L[-2], L[-1], L[0], L[+1], and L[+2]}. The horizontal
boundaries of all layers, the red vertical lines, are defined by
the left and right boundaries of the human object. The vertical
boundaries of each layer, shown as yellow horizontal lines, are
defined by the top y[k] and the bottom yy[k] values that can
be computed as follows:

H, (k + N)

k== W
_Huy(k+N+1)
yplkl = NIl (2)

The region of interest in layer k is defined as x = 0 to W}, and
y = yrlkl to yglk].

According to the model, features from the depth profile
human object can be computed along with layers as concate-
nated features of every segment using basic and statistical
properties (e.g., axis, density, depth, width, and area). Depth
can also be distinguished for specific characteristic of actions.

In our model, we define two main features for each layer,
including the density (p[k]) and weighted depth density (Z[k])

of layers. In addition, the proportion value (P,) is defined as a
global feature to handle the horizontal action.

2.2.1. Density of Layer. The density of layer (p[k]) indicates
the amount of object at a specific layer, which varies dis-
tinctively according to actions, and can be computed as the
number of white pixels in the layer, as shown in the following
equation:

yalkl W,
PrkI= 3 YL(xy) (3)
y=yrlk] x=0

In multiple views, different distances between the object and
the cameras would affect p’[k]. Objects close to a camera
certainly appear larger than when further away, and thus
p’[k] must be normalized in order for these to be fused. We
use the maximum value of the perceived object and normalize
it, employing the following equation:

' k]

argmax (' [K]) W

plkl =

2.2.2. Weighted Depth Density of Layer. An inverse depth
density is additionally introduced to improve the pattern of
density feature. The procedure is comprised of two parts:
inverse depth extraction and weighting for density of the
layer.

At the outset, depth extraction is applied to the layer
profile. The depth profile reveals the surface of the object that
indicates rough structure ranging from 0 to 255 or from near
to far distances from the camera. According to perspective
projection varying in a polynomial form, a depth value at a
near distance, for example, from 4 to 5, has a much smaller
real distance than a depth value at a far distance, for example,
from 250 to 251. The real-range depth of the layer (D' (k]
translates the property of 2D depth values to real 3D depth
values in centimeters. The real-range depth better distin-
guishes the depth between layers of the object—different
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parts of the human body—and increases the ability to classify
actions. A polynomial regression [70] has been used to
convert the depth value to real depth, as described in the
following equation:

6

Fx) = 12512705 - 1.0370e 7% + 3.5014¢

—0.0061x" + 0.5775x" - 27.6342x (5)

+5.6759¢°

In addition, the (D'[k]) value of each layer is represented by
the converted value of every depth value averaged in that
layer, as defined in the following equation:

Zyi[k],m Zuju I (. 7)
Yl = y=ri x 6
D' [k] = f] ( A0 (6)

Numerically, to be able to compare the depth profile of human
structure from any point of view, the D'[k] value needs to
be normalized using its maximum value over all layers by
employing the following equation:

D' [k]

D= arg max (D' [k])

@)

In the next step, we apply the inverse real-range depth (D;[k]),
hereafier referred to as the inverse depth, for weighting the
density of the layer in order to enhance the feature p[k] that
increases the probability of classification for certain actions,
such as sitting and stooping. We establish the inverse depth,
as described in (8), to measure the hidden volume of body
structure which distinguishes particular actions from others:
for example, in Table 1, in viewing stooping from the front,
the upper body is hidden but the value of D;[k] can reveal the
volume of this zone; and in viewing sitting from the front, the
depth of the thigh will reveal the hidden volume compared to
other parts of the body.

D [k] - arg max (D [k]) ) .
arg min (D [k]) — arg max (D [k]) ®)

D‘m:(

The inverse depth density of layers (Q[k]) in (9) is defined as
the product of the inverse depth (D;[k]) and the density of the
layer (p[k]).

Q] = (D; [K]) (p [K]) (©)

We use learning rate & as an adjustable parameter that allows
balance between Q[k] and p[k]. In this configuration, when
the pattern of normalized inverse depth D,[k] is close to zero,
QIk] is close to p[k]. Equation (10) is the weighted depth
density of layers (Z[k]), adjusted by the learning rate on Q[k]
and p[k].

Z[k] = (1= ) (Q[K]) + (@) (p [K]) (10)

As can be deduced from Table 2, the weighted depth density
of layers (Z[k]) improves the feature pattern for better

differentiation for 13 out of 20 features, is the same for 5
features (I through V on standing-walking), and is worse
for 2 features (VIII on side-view sitting and X on back-view
sitting). Thus, Z[k] is generally very useful, though the similar
and worse outcomes would require a further multiview fusion
process to distinguish the pattern.

2.2.3. Proportion Value. Proportion value (P,) is a penalty
parameter of the model to indicate roughly the proportion of
object vertical actions distinguished from horizontal actions.
It is the ratio of the width W, and the height I, of the object
in each view (see the following equation):

W,

b= ?»: (1)

Table I mentioned earlier shows the depth profile of action
and its features in each view. In general, the feature patterns
of each action are mostly similar, though they do exhibit
some differences depending on the viewpoints. It should be
noted here that the camera(s) are positioned at 2 m above the
floor, pointing down at an angle of 30° from the horizontal
line.

Four actions in Table 1, standing/walking, sitting, stoop-
ing, and lying, shall be elaborated here. For standing/walking,
the features are invariant to viewpoints for both density (p[k])
and inverse depth (D;[k]). The D[k] values slope equally
for every viewpoint due to the position of the camera(s).
For sitting, the features vary for p[k] and D[k] according to
their viewpoints. However, the patterns of sitting for front
and slant views are rather similar to standing/walking. D[k]
from some viewpoints indicates the hidden volume of the
thigh. For stooping, the p[k] patterns are quite the same
from most viewpoints, except for the front view and back
view, due to occlusion of the upper body. However, D[k]
reveals clearly the volume in stooping. For lying, the p[k]
patterns vary depending on the viewpoints and cannot be
distinguished using layer-based features. In this particular
case, the proportion value (P,) is introduced to help identify
the action.

2.3. Layer-Based Feature Fusion. In this section, we empha-
size the fusion of features from various views. The pattern of
features can vary or self-overlap with respect to the viewpoint.
In a single view, this problem leads to similar and unclear
features between actions. Accordingly, we have introduced a
method for the fusion of features from multiviews to improve
action recognition. From each viewpoint, three features of
action are extracted: (1) density of layer (p[k]), (2) weighted
depth density of layers (Z[k]), and (3) proportion value (P,).
We have established two fused features as the combination
of width, area, and volume of the body structure from every
view with respect to layers. These two fused features are
the mass of dimension (w[k]) and the weighted mass of
dimension (w|k]).

(a) The mass of dimension feature (w[k]) is computed
from the product of density of layers (p[k]) in every
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TapLE 2: Sampled features in single view and fused features in multiview.

Action/view Camera 1 Camera 2 @lk]
I, Z1k] | =09 I, ZIk| | a=009

(I) Standing-
walking/front

(1) Standing-
walking/slant

(III) Standing-
walking/side

(IV) Standing-
walking/back slant

(V) Standing-
walking/back

(VI) Sitting/front

(VII) Sitting/slant

(VIII) Sitting/side

(IX) Sitting/back slant

(X) Sitting/back

(X1) Stooping/front

(XIT) Stooping/slant

(XIII) Stooping/side

(XIV) Stooping/back
slant

(XV) Stooping/back
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TABLE 2: Continued.

Camera 1
I Z[k] | e =09

Action/view

Camera 2
I Zk]|a=09

mo

w(k]

(XVT) Lying/front

(XVTI) Lying/slant

(XVIII) Lying/side

(XIX) Lying/back
slant

(XX) Lying/back

I

IR/ IR
L [
([

Note: (I) Z[k] is weighted depth density of layers which uses a for adjustment between Q[k] and p[k]. (II) w[k], fused features from multiview, called the

weighted mass of dimension feature.

view, from v = 1 (the first view) to v = d (the last view),
as shown in the following equation:

d

@[kl = [ T (promsy [K]) (12)

v=1

(b) The weighted mass of dimension feature (w[k]) in (13)
is defined as the product of the weighted depth density
of layers (Z[k]) from every view.

d
@ (k] =[] (2o [KD) (13)
v=1

In addition, the maximum proportion value is selected from
all views (see (14)) which is used to make feature vector.

Py, = argmax (Py,_ ), Py =2 Pry= 30 Pepy—gy) - (14)

Two feature vectors, a nondepth feature vector and a depth
feature vector, are now defined for use in the classification
process.

The nondepth feature vector is formed by concatenating
the mass of dimension features (w[k]) and the maximum
proportion values as follows.

[@[-N].w[-N+1],0[-N+2],...,w[0] ,@[1],@[2],

15)
- @[N], B}

The depth feature vector is formed by the weighted mass of
dimension features (w[k]) concatenated with the maximum
proportion values (P,,) as follows:
[B-N.G[-N+1,&8[-N+2],....a[0],&[1].@[2],
(16)
@[N] P}

Table 2 shows the weighted mass of dimension feature (w(k])
fused from the weighted depth density of layers (Z[k]) from
two cameras. The fused patterns for standing-walking in each
view are very similar. For sitting, generally the patterns are
more or less similar except in the back view due to the lack of
leg images. The classifier, however, can differentiate posture
using the thigh part, though there are some variations in the
upper body. For stooping, the fused patterns are consistent
in all views: heap in the upper part but slightly different
in varying degrees of curvature. For lying, all fused feature
patterns are different. The depth profiles, particularly in front
views, affect the feature adjustment. However, the classifier
can still distinguish appearances, because generally patterns
of features in the upper layers are shorter than those in the
lower layers.

3. Experimental Results

Experiments to test the performance of our method were
performed on three datasets: the PSU (Prince of Songkla Uni-
versity) dataset, the NW-UCLA (Northwestern-University of
California at Los Angeles) dataset, and the i3DPost dataset.
We use the PSU dataset to estimate the optimal parame-
ters in our model, such as the number of layers and the
adjustable parameter «. The tests are performed on single
and multiviews, angles between cameras, and classification
methods. Subsequently, our method is tested using the NW-
UCLA dataset and the i3DPost dataset, which is set up from
different viewpoints and angles between cameras to evaluate
the robustness of our model.

3.1. Experiments on the PSU Dataset. 'The PSU dataset [76]
contains 328 video clips of human profiles with four basic
actions recorded in two views using RGBD cameras (Kinect
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270
Left

(a) Viewpoints in the work room scenario

270
Left

(b) Viewpoints in the living room scenario

FIGURE 4: Example of two multiview scenarios of profile-based action for the PSU dataset.

~4-5m.

FIGURE 5: General camera installation and setup.

ver.1). The videos were simultaneously captured and synchro-
nized between views. The profile-based actions consisted of
standing/walking, sitting, stooping, and lying. Two scenarios,
one in a work room for training and another in a living room
for testing, were performed. Figure 4 shows an example of
each scenario, together with the viewpoints covered.

Two Kinect cameras were set overhead at 60° to the
vertical line, each at the end of a 2 m pole. RGB and depth
information from multiviews was taken from the stationary
cameras with varying viewpoints to observe the areas of
interest. The operational range was about 3-5.5 m from the
cameras to accommodate a full body image, as illustrated
in Figure 5. The RGB resolution for the video dataset was
640x480, while depths at 8 and 24 bits were also of the
same resolution. Each sequence was performed by 3-5 actors,
having no less than 40 frames of background at the beginning
to allow motion detection using any chosen background
subtraction technique. The frame rate was about 8-12 fps.

(i) Scenario in the Work Room (Training Set). As illustrated
in Figure 6(a), the two cameras’ views are perpendicular to
each other. There are five angles of object orientation: front
(07), slant (45"), side (90°), rear-slant (135"), and rear (180°), as
shown in Figure 6(b). A total of 8,700 frames were obtained
in this scenario for training.

(ii) Scenario in the Living Room (Testing Set). This scenario,
illustrated in Figure 7, involves one moving Kinect camera
at four angles: 30°, 45°, 60°, and 90°, while another Kinect
camera remains stationary. Actions are performed freely in
various directions and positions within the area of interest. A
total of 10,720 frames of actions were tested.

3.11. Evaluation of the Number of Layers. We determine the
appropriate number of layers by testing our model with
different numbers of layers (L) using the PSU dataset. The
numbers of layers for testing are 3, 5, 7, 9, 11, 13, 15, 17, and
19. The alpha value (&) is instinctively fixed at 0.7 to find
the optimal value of the number of layers. Two classification
methods are used for training and testing: an artificial neural
network (ANN) with a back-propagation algorithm over 20
nodes of hidden layers and a support vector machine (SVM)
using a radial basis function kernel along with C-SVC. The
results using ANN and SVM are shown in Figures 8 and 9,
respectively.

Figure 8 shows that the 3-layer size achieves the highest
average precision of 94.88% using the ANN and achieves
92.11% using the SVM in Figure 9. Because the ANN per-
forms better, in the tests that follow, the evaluation of our
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model will be based on this layer size together with the use
of the ANN classifier.

3.1.2. Evaluation of Adjustable Parameter oc. For the weighted
mass of dimension feature, (w[k]), the adjustment parameter
alpha (a)—the value for the weight between the inverse
depth density of layers (Q[k]) and the density of layer
(plk])—is employed. The optimal « value is determined to
show the improved feature that uses inverse depth to reveal
hidden volume in some parts and the normal volume. The
experiment is carried out by varying alpha from 0 to 1 at 0.1
intervals.

Figure 10 shows the precision of action recognition using
a 3-layer size and the ANN classifier versus the alpha
values. In general, except for the sitting action, one may
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E
2
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[
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Layer Size
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—+— Standing/walking —#— Lying

FIGURE 8: Precision by layer size for the four postures using an
artificial neural network (ANN) on the PSU dataset.

note that as the portion of inverse depth density of layers
(QIk]) is augmented, precision increases. The highest average
precision is 95.32% at o = 0.9, meaning that 90% of the
inverse depth density of layers (Q[k]) and 10% of the density
of layers (p[k]) are an optimal proportion. When « is
above 0.9, all precision values drop. The trend for sitting
action is remarkably different from others in that precision
always hovers near the maximum and gradually but slightly
decreases when a increases.

Figure 11 illustrates the multiview confusion matrix of
action precisions when L = 3 and « = 0.9, using the PSU
dataset. We found that standing/walking action had the
highest precision (99.31%), while lying only reached 90.65%.
The classification error of the lying action depends mostly
on its characteristic that the principal axis of the body is
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FiGURe 10: Precision versus « (the adjustment parameter for
weighting between Q[k] and p[k] when L = 3, from the PSU dataset).

aligned horizontally, which works against the feature model.
In general, the missed classifications of standing/walking,
stooping, and lying actions were mostly confused with the
sitting action, accounting for 0.69%, 4.82%, and 8.83% of
classifications, respectively. Nevertheless, the precision of
sitting is relatively high at 98.59%.

3.1.3. Comparison of Single View/Multiview. For the sake of
comparison, we also evaluate tests in single—view recognition
for the PSU dataset for L = 3 and & = 0.9 in the living
room scene, similar to that used to train the classification
model for the work room. Figure 12 shows the results from
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Standing/Walking 99.31

Sitting . 98.59

Stooping

Lying 0.00

Standing/Walking  Sitting Stooping Lying

Frcure 11: Confusion matrix for multiview recognition in the PSU
dataset when L = 3and a = 0.9.

Standing/Walking

Sitting

Stooping

Lying X 8.10 0.04 91.86

Standing/Walling ~ Sitting

Staoping Lying

F1Gure 12: Confusion matrix of single-view Kinect 1 recognition
(stationary camera) for the PSU dataset when L =3 and o = 0.9.

the single-view Kinect 1 (stationary camera), while Figure 13
shows those from the single-view Kinect 2 (moving camera).

Results show that the single-view Kinect 1, which is sta-
tionary, performs slightly better than the single-view Kinect
2, which is moving (average precision of 92.50% compared
to 90.63%). The stationary camera gives the best results for
sitting action, while for the moving camera, the result is best
for the standing/walking action. It is worth noting that the
stationary camera yields a remarkably better result for lying
action than the moving one.

Figure 14 shows the precision of each of the four postures,
together with that of the average, for the multiview and the
two single views. On average, the result is best accomplished
with the use of the multiview and is better for all postures
other than the lying action. In this regard, single-view 1 yields
a slightly better result, most probably due to its stationary
viewpoint toward the sofa, which is perpendicular to its line
of sight.

3.1.4. Comparison of Angle between Cameras. As depicted
earlier in Figure 7, the single-view Kinect 1 camera is sta-
tionary, while the single-view Kinect 2 camera is movable,
adjusted to capture viewpoints at 30°, 45°, 60°, and 90° to the
stationary camera. We test our model on these angles to assess
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Ficure 13: Confusion matrix of single-view Kinect 2 recognition
(moving camera) for the PSU dataset when L = 3 and e = 0.9.

100

90

Precision (%)

80

Sitting |
Stooping
Lying -
Average -

Standing/Walking -

—s— Multi-View

—=— Single-view 1

~o- Single-view 2
F1GURE 14: Comparison of precision from multiview, single-view 1,
and single-view 2 for the PSU dataset when L =3 and a = 0.9.

the robustness of the model on the four postures. Results are
shown in Figure 15.

In Figure 15, the lowest average precision result occurs
at 30°—the smallest angle configuration between the two
cameras. This is most probably because the angle is narrow
and thus not much additional information is gathered. For
all other angles, the results are closely clustered. In general,
standing/walking and sitting results are quite consistent at
all angles, while lying and stooping are more affected by the
change.

3.1.5. Evaluation with NW-UCLA Trained Model. In addition,
we tested the PSU dataset in living room scenes using the
model trained on the NW-UCLA dataset [63]. Figure 16
illustrates that the 9-layer size achieves the highest average
precision at 93.44%. Sitting gives the best results and the
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FIGURE 15: Precision comparison graph on different angles in each
action.
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FIGURE 16: Precision by layer size for the PSU dataset when using
the NW-UCLA-trained model.

highest precision, up to 98.74% when L = 17 However, sitting
at low layers also gives good results, for example, L = 3
at 97.18%, while the highest precision for standing/walking
is 95.40%, and the lowest precision is 85.16%. The lowest
precision for stooping is 92.08% when L = 5.

Figure 17 shows the results when L = 9, which illustrates
that standing/walking gives the highest precision at 96.32%,
while bending gives the lowest precision at 88.63%.

In addition, we also compare precision of different angles
between cameras, as shown in Figure 18. The result shows that
the highest precision on average is 94.74% at 45", and the
lowest is 89.69% at 90°.
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TapBLE 3: Time consumption testing on different numbers of layers and different classifiers.
Time consumption (ms)/frame Frame rate (fps)
Classifier L=3 L=11 L=19 L=3 L=11 L=19
Min Max Avg Min Max Avg Min Max Avg Avg Avg Avg
ANN 13.95 17.77 15.08 14.12 20.58 15.18 14.43 20.02 15.85 66.31 65.88 63.09
SVM 14.01 17.40 15.20 14.32 18.97 15.46 14.34 19.64 15.71 65.79 64.68 63.65
Note: L stands for the number of layers. ANN, artificial neural network; SVM, support vector machine.
100
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FiGURE 17: Confusion matrix of 2 views for the PSU dataset (using 80 - - - -
the NW-UCLA-trained model) when L = 9. £ £ £ &
E
In general, the precision of all actions is highest at 45° and E
decreases as the angle becomes larger. However, the results &
obtained using the PSU-trained model show a different trend, - 30 =3 60°
s = 90

where a larger angle provides better results.

3.1.6. Evaluation of Time Consumption. Time consumption
evaluation, excluding interface and video showing time, is
conducted using the OpenMP wall clock. Our system is tested
on a normal PC (Intel® Core™ i5 4590 at 3.30 GHz with 8
GB DDR3). We use the OpenCV library for computer vision,
the OpenMP library for parallel processing, and CLNUI to
capture images from the RGBD cameras. The number of
layers and the classifier are tested using 10,720 action frames
from the living room scene.

On average, the time consumption is found to be approx-
imately 15 ms per frame or a frame rate of around 63 fps.
As detailed in Table 3, the number of layers and the type
of classifier affect the performance only slightly. In addition,
we compare serial processing with parallel processing, which
divides a single process into threads. The latter is found to be
1.5507 times faster than the former. It was noted that thread
initialization and synchronization consume a portion of the
computation time.

3.2, Experiment on the NW-UCLA Dataset. The NW-UCLA
dataset [63] is used to benchmark our method. This dataset is
similar to our work for the multiview action 3D PSU dataset
taken at different viewpoints to capture the RGB and depth
images. The NW-UCLA dataset covers nearly ten actions
including stand up, walk around, sit down, and bend to pick up
itemn, but it lacks a lie down action. Actions in this dataset are

FIGURE 18: Precision comparison graph of different angles in each
action when using the NW-UCLA-trained model.

marked in colors. To test our method, the motion detection
step for segmenting movement is replaced by a specific color
segmentation to obtain the human structure. The rest of the
procedure stays the same.

Only actions of interest are selected for the test—its tran-
sition actions are excluded. For example, standing/walking
frames are extracted from stand up and walk around; sitting
frames are selected from sit down and stand up; and stooping
is extracted from pick up with one hand and pick up with both
hands.

Our method employs the model learned using the PSU
dataset in the work room scenario to test the NW-UCLA
dataset. All parameters in the test are the same except that
alpha is set to zero due to variations in depth values. The
experiment is performed for various numbers of layers from L
=3toL =19, Test results on the NW-UCLA dataset are shown
in Figure 19,

From Figure19, the maximum average precision
(86.40%) of the NW-UCLA dataset is obtained at layer L
=11, in contrast to the PSU dataset at L = 3. Performance for
stooping is generally better than other actions and peaks
at 95.60%. As detailed in Figure 20, standing/walking gives
the lowest precision at 76.8%. The principal cause of low
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TABLE 4: Comparison between NW-UCLA and our recognition systems on the NW-UCLA dataset.

NW-UCLA recognition action [63] Precision (%)

Our recognition action Precision (%)

Walk around 77.60 Walking/standing 76.80
Sit down 68.10 Sitting 86.80
Bend to pick item (1 hand) 74.50 Stooping 95.60
Average 73.40 Average 86.40
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F1GURE 19: Precision of action by layer size on NW-UCLA dataset.
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FiGure 20: Confusion matrix of test results on the NW-UCLA 3D
dataset when L = 11.

precision is that the angle of the camera and its captured
range are very different from the PSU dataset. Compared
with the method proposed by NW-UCLA, our method
performs better by up to 13 percentage points, from an
average of 73.40% to 86.40%, as shown in Table 4. However,

- - Maximum of Average

—&— Stooping
—— Standing/walking

F1GURE 21: Precision of i3DPost dataset by layer size when using the
PSU-trained model.

to be fair, many more activities are considered by the NW-
UCLA than ours which focuses only on four basic actions
and hence its disadvantage by comparison.

3.3. Experiment on the i3DPost Dataset. The i3DPost dataset
[77] is an RGB multiview dataset that contains 13 activities.
The dataset was captured by 8 cameras from different view-
points with 45° between cameras, performed by eight persons
for two sets at different positions. The background images
allow the same segmentation procedure to build the nondepth
Jfeature vector for recognizing profile-based action.

The testing sets extract only target actions from temporal
activities, including standing/walking, sitting, and stooping
from sit-standup, walk, walk-sit, and bend.

3.3.1. Evaluation of i3DPost Dataset with PSU-Trained Model.
Firstly, i3DPost is tested by the PSU-trained model from 2
views at 90° between cameras on different layer sizes.

Figure 21 shows the testing results of the i3DPost dataset
using the PSU-trained model. The failed prediction for sitting
shows a precision of only 28.08% at L = 9. By observation, the
mistake is generally caused by the action of sitting that looks
like a squat in the air, which is predicted as standing. [n the
PSU dataset, sitting is done on a bench/chair. On the other
hand, standing/walking and stooping are performed with
good results of about 96.40% and 100% at L = 11, respectively.
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Ficure 22: Confusion matrix of 2 views for i3DPost dataset using
PSU-trained model when L = 9.
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FIGURE 23: Precision of i3DPost dataset with new trained model by
layer size.

Figure 22 shows the multiview confusion matrix when
L = 9. Sitting is most often confused with standing/walking
(69.18% of cases), and standing/walking is confused with
stooping (12.00% of cases).

3.3.2. Training and Evaluation Using i3DPost. From the last
section, i3DPost evaluation using the PSU-trained model
resulted in missed classification for the sitting action. Accord-
ingly, we experimented with our model by training and
evaluating using only the i3DPost; the first dataset is used
for testing and the second for training. The initial testing is
performed in 2 views,

Figures 23 and 24 show the results of each layer size from 2
views, The 17 layers achieve the highest precision at 93.00% on
average (98.28%, 81.03%, and 99.68% for standing/walking,
sitting, and stooping, resp.). In general, standing/walking and
stooping achieve good precision of above 90%, except at I. =
3. However, the best precision for sitting is only 81.03%, where
most wrong classifications are defined as standing/walking

Computational Intelligence and Neuroscience
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F1GURE 25: Precision comparison graph for different angles in the
i3DPost.

(18.90% of cases), and the lowest precision is at 41.59% when
L = 5. We noticed that the squat still affects performance.

In 2-view testing, we couple the views for different angles
between cameras, such as 45°, 90°, and 135°. Figure 25 shows
that, at 135", the performance on average is highest, and the
lowest performance is at 45°. In general, a smaller angle gives
lower precision; however, for sitting, a narrow angle may
reduce precision dramatically.

In addition, we perform the multiview experiments for
various numbers of views from one to six in order to evaluate
our multiview model, as shown in Figure 26.

Figure 26 shows the precision according to the number of
views. The graph reports the maximum precision versus the
different number of views from one to six views, which are
89.03%, 93.00%, 91.33%, 92.30%, 92.56%, and 91.03% at L = 7,

219



Computational Intelligence and Neuroscience

TaBLE 5: Comparison between our recognition systems and [59] on the i3DPost dataset.

Recognition of similar approach [59]

Precision (%)

Our recognition action Precision (%)

‘Walk 95.00 ‘Walking/standing 98.28
Sit 87.00 Sitting 81.03
Bend 100.0 Stooping 99.68
Average 94.00 Average 93.00

TaBLE 6: Precision results of our study and others emphasizing profile-based action recognition using different methods and datasets.

Precision rate of action (%)

Method
Standing Walking Sitting Stooping Lying Average

P. Chawalitsittikul et al. [70] 98.00 98.00 93.00 94.10 98.00 96.22
N. Noorit et al. [71] 99.41 80.65 89.26 94.35 100.0 92.73
M. Ahmad et al. [72] - 89.00 85.00 100.0 91.00 91.25
C. H. Chuang et al. [73] - 92.40 97.60 95.40 - 95.80
G. L. Parisi et al. [74] 96.67 90.00 83.33 - 86.67 89.17
N. Sawant et al. [75] 91.85 96.14 85.03 - - 9L.01
Our method on PSU dataset 99.31 99.31 98.59 92.72 90.65 95.32

Precision (%)

1 2 3 4 5 6
Number of views
—w— Average

—e— Sitting
—+ Standing/walking

—a— Stooping
F1Gure 26: Precision in i3DPost dataset with new trained model by
the number of views.

L=17L=17L=7and L =13, respectively. We noticed that the
highest precision is for 2 views. In general, the performance
increases when the number of views increases, except for
sitting. Moreover, the number of layers that give maximum
precision is reduced as the number of views increases. In
conclusion, only two or three views from different angles are
necessary for obtaining the best performance.

‘We compared our method with a similar approach [59],
based on a posture prototype map and results voting function
with a Bayesian framework for multiview fusion. Table 5
shows the comparison results. The highest precisions of our
method and the comparison approach are 99.68% and 100%
for stooping and bend, respectively. Likewise, the lowest pre-
cisions are 81.03% and 87.00% for the same actions. However,
for walking/standing, our approach obtains better results. On

average, the comparison approach performs slightly better
than our method.

4, Comparison with Other Studies

Our study has now been presented with other visual profile-
based action recognition studies and also compared with
other general action recognition studies.

4.1. Precision Results of Different Studies. Table 6 shows pre-
cision results of various methods emphasizing profile-based
action recognition. Note that the methods employed different
algorithms and datasets; thus results are presented only for
the sake of studying their trends with respect to actions. Our
method is tested on the PSU dataset. Our precision is highest
on walking and sitting actions, quite good on the standing
action, quite acceptable on the lying action, but poor on the
stooping action. Itis not possible to compare on precision due
to lack of information on the performance of other methods.
However, we can note that each method performs better than
others on different actions; for example, [74] is good for
standing, and [73] is a better fit for sitting.

4.2. Comparison with Other Action Recognition Studies.
Table 7 compares the advantages and disadvantages of some
previous studies concerning action recognition acquired
according to the criteria of their specific applications. In the
inertial sensor-based approach, sensors/devices are attached
to the body and hence monitoring is available everywhere, for
the inconvenience of carrying them around. This approach
gives high privacy but is highly complex. In an RGB vision-
based approach, sensors are not attached to the body, and
hence it is less cumbersome. Though not so complex, the
main drawback of this method is the lack of privacy. In
this regard, depth-based views may provide more privacy.
Although rather similar in comparison in the table, the
multiview approach can cope with some limitations, such
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as vision coverage and continuity or obstruction, which are
common in the single-view approach, as described in some
detail in Introduction.

(i) As for our proposed work, it can be seen from the
table that the approach is in general quite good in
comparison; in addition to being simple, it offers a
high degree of privacy and other characteristics such
as flexibility, scalability, and robustness are at similar
levels, if not better, and no calibration is needed,
which is similar to most of the other approaches.

However, the two cameras for our multiview ap-
proach still have to be installed following certain
specifications, such as the fact that the angle between
cameras should be more than 30°.

5. Conclusion/Summary and Further Work

In this paper, we explore both the inertial and visual ap-
proaches to camera surveillance in a confined space such
as a healthcare home. The less cumbersome vision-based
approach is studied in further detail for single-view and
multiview RGB depth-based and for non-RGB depth-based
approaches. We decided on a multiview, non-RGB depth-
based approach for privacy and have proposed a layer fusion
model, which is representation-based model that allows
fusion of features and information by segmenting parts of the
object into vertical layers.

We trained and tested our model on the PSU dataset
with four postures (standing/walking, sitting, stooping, and
lying) and have evaluated the outcomes using the NW-UCLA
and i3DPost datasets on available postures that could be
extracted. Results show that our model achieved an average
precision of 95,32% on the PSU dataset—on a par with many
other achievements, if not better, 93.00% on the i3DPost
dataset, and 86.40% on the NW-UCLA dataset. In addition
to flexibility of installation, scalability, and noncalibration of
features, one advantage over most other approaches is that
our approach is simple, while it contributes good recognition
on various viewpoints with a high speed of 63 frames per
second, suitable for application in a real-world setting.

In further research, a spatial-temporal feature is inter-
esting and should be investigated for more complex action
recognition, such as waving and kicking. Moreover, recon-
struction of 3D structural and bag-of-visual-word models is
also of interest.

Data Availability

The PSU multiview profile-based action dataset is available
at [74], which is authorized only for noncommercial or
educational purposes. The additional datasets to support this
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MAUUIN A.
MBHNHANINATIUNTANMNUIZINIIAIYAADNINIINNBAIBHNNBY (LNLAN)

MINN -1 MIBENYAAINENINAFTBUATIALNINAULAE Global ID §1M3U Dataset # 1

ID | yaAaNEnAdaULa: Global ID 1ign | ID | yaaandmadauwas Global ID fign
Assign ATIUIN Assign ATIUIN
#1
A
Stand&Walking
#2
B
— Stand&waiking =
Stand&Walking langeetaling
#3
C
Stand&Walking
Stand&Walkin:
]
Running : Training—01single—db —> 62.8214 ms/f
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AN -2 MadnmMInadauiamuuazasnlasnlilussuuasiasvihaudvisu

Dataset # 1
PREANT MIBENKHIMINAFDUM IANMUUBZANTIAIYUAADNINNN NV BYNND
1
Stand&Walking
Running : Testing—O1single—walk —> 62.6512 ms/f
2
Stand&Walking
Running : Testing—O1single—walk —> 93.6022 ms/f
3
Stand&Walking
? Stand&Walking
Running : Testing—01single—sit —> 62.7004 ms/f
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RREANT MIBENKHIMINAFIUM IANMUUBZANTIAIYUAAINNNN NV HYNND
4

Running : Testing—O1single—sit —> 63.653 ms/f
5

Sitting

Running : Testing—0O1single—sit —> 62.6736 ms/f

6
Bending
Running : Testing—0O1single—bend —> 62.6683 ms/f
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RREANT MIBENKHIMINAFIUM IANMUUBZANTIAIYUAAINNNN NV HYNND
7
ending
Bending
Running : Testing—0O1single—bend —> 63.6512 ms/f
8
PO Bending
Running : Testing—O1single—bend —> 62.6537 ms/f
9
Laying
Running : Testing—O1single—lay —> 62.6487 ms/f
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o 1 ‘ﬂl
NIDYNN

MIBENHANTNATIUMIAAMNUILANTIMIYAA AN NNV LY UNBA

10

Running

: Testing—O1single—lay —> 62.6522 ms/f

MINT 2-3 TIBENYAAININNATDUATIAWINAULAE Global ID d#U Dataset # 2

ID | yaeandmadauwas Global ID Mign | ID | yaAAaNNNAdaULaz Global ID Mign
Assign A9LIN Assign A9UIN
#
1
A
Stand&Walking
Stand&Walkin| Stand&Walking
unning : Training—02single—db —> 62.6624 ms/f
#
2
B

Run

-~ StandXwalking

ning : Training—02single—db —> 62.6323 ms/f

Stand&Walking|

Stand&Walking

2single—db —> 62.6469 ms/f
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ID | yaAafiinnadauwaz Global ID Mign | ID | yamandmadauwas Global ID #ign
Assign AL Assign AL
# - -
3
C
Stand&Walking
Standé&Walkf
4 v - cq v ¥ _oodo .
MINT 2-4 grpgnmInadauiamuuazaniilasilulussuuasiesnitaudmiy
Dataset # 2
MBENT | MIBENHIMINATBUMIAAMNUILINNAIYAAIN NN NV LMD
1
tand&Walking
Stand&Wal
Running : Testing—02single—walk —> 78.6727 ms/f
2

Stand&Walking

-%

Running : Testing—02single—walk —> 78.6404 ms/f

Stand&Walking
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RREANT MIBENKHAMINAFIUMIANMNUAZIATIMIYAAN NN NN LHNNBY
3
Stand&Walking
Running : Testing—02single—walk —> 62.6708 ms/f
4
Sitting
Running : Testing—O02single—sit —> 62.6512 ms/f
5
Sitting Sitting
o
Running : Testing—02single—sit —> 62.747 ms/f
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RREANT MIBENKHAMINAFIUMIANMNUAZIATIMIYAAN NN NN LHNNBY
6
Running : Testing—O02single—sit —> 62.6783 ms/f
7
Running : Testing—02single—bend —> 62.6428 ms/f
8

L

Bending
l

Running : Testing—02single—bend —> 62.6811 ms/f
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o 1 ‘ﬂl
NIDYNN

MIBENHANTNATAUMIAAMNUIZINTINIYAAINI NN NV LY UNBA

9

Running

10

Running

: Testing—02single—lay —> 62.655 ms/f

Laying

: Testing—02single—lay —> 62.6606 ms/f

MINN -5 NPENYANINIIINATDUATIALNTHIAULSE Global ID dW3U Dataset # 3

ID | ynmafitnnaaauwas Global ID Nign

Assign AIULIN

]
=

ID

YAAaNENNATDULAE Global ID gn

Assign AIULIN

]
=1

#1

stand&Walking

Stand&Walkin|

Stand&Walking

-> 63.6941 ms/f

Stand&Walki
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ID | yaAaNEINAFaULA: Global ID 1ign | ID

Assign AT

]
=]

]
=]

YAAaNENMNATDULAE Global ID 11gn
Assign AN

#2

Stand&Walking

Running : Training—03single—db —> 63.6994 ms

#3

Stand&Walking

Stand&Walking|

Stand&Walking
St

AN -6 MaanmMInadaufiamuuazandlasnlilussuuasiasviaudvisu

Dataset # 3

MBENN

MIBENKAMINAFTIUMIAAMUUALINTIAIYAAN NN NN LR NNBY

Running

Stapnd&Walkin

: Testing—03single—walk —> 78.6416 ms/f
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RREANT MIBENKHAMINAFIUMIANMNUAZIATIMIYAAN NN NN LHNNBY
2
‘ﬁk&/
Stand&Walking
Running : Testing—03single—walk —> 62.6898 ms/f
3
Sitting Sitting
Running : Testing—03single—sit —> 63.6583 ms/f
4
Sitting
Sitting
Running : Testing—03single—sit —> 63.6589 ms/f
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RREANT MIBENKHAMINAFIUMIANMNUAZIATIMIYAAN NN NN LHNNBY
5
ending
‘

Running : Testing—03single—sit —> 62.6385 ms/f

6
ending

Running : Testing—03single—bend —> 62.6475 ms/f

7
ending
#
Running : Testing—03single—bend —> 62.6861 ms/f
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RREANT MIBENKHAMINAFIUMIANMNUAZIATIMIYAAN NN NN LHNNBY
8
Running : Testing—03single—bend —> 63.6633 ms/f
9
Running : Testing—03single—lay —> 63.6869 ms/f
10
Running : Testing—03single—lay —> 62.6637 ms/f
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MINN -7 MIBENYAAINENINAFBUATIALTBIAUUAE Global ID §IMTU Dataset # 1

ID | yAeandmadauLas Global ID Mign | ID | yaAAaNNNAdaULaz Global ID Mign
Assign AILIN Assign ATILIN
#
1
A
Stand&Walkij|
\
‘
\
#
2
B
MNT -8 Madumsnagaudamuiazaninlaainlulussuuaisasdasaudniu
Dataset # 1
Mo FIRENHANTNATUMIAAMNUITANTIAIYAADN NN NV N NNDN
#
1

Stand&Wakki

Running : Testing—O1multi—walk —> 93.6862 ms/f
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COREAY
=

N

MIBENHINITNATIUM IAAMNUILANNAIYAAIN NN NN LUBN

Stand&Walking—Stand&W

Stand &Vagange

Running : Testing—01multi—walk —> 94.6911 ms/f

Running : Testing—O1multi—walk —> 94.6936 ms/f

Running : Testing—01multi—sit —> 78.6786 ms/f
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COREAY
=

N

MIBENHINITNATIUM IAAMNUILANNAIYAAIN NN NN LUBN

Sitt'ng _ Sitti ; g

Running : Testing—O01multi—sit —> 78.5986 ms/f

itt'ng

: Testing—O1multi—sit —>

Sitinq

78.6814 ms/f

i itting

Running

Running : Testing—01multi—bend —> 80.7304 ms/f

Sitting

2

Sitting

4
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fBEN MIBENKAIMINAFTDUM IANMUUBZANTIAIYAANNINN NN LYHNDY

o

N
8

nding __Bending
’i ndi’m’
Running : Testing—O1multi—bend —> 80.6576 ms/f

9

Running : Testing—O1multi—bend —>

80.6719 ms/f

MINN -9 MIBENYAAINENINATBUATIAZTDIAULAE Global ID §IM3U Dataset # 2

ID | yAranhnagauwas Global ID

]
I

Assign 3930

ngn

ID

YAAaNEMATDULAE Global ID 11gn

Assign 3930

]
=

#1

Stand&Walkir
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]
=]

]
=]

ID | yAAaNNAdaULa: Global ID Nign | ID | yamanmagauwaz Global ID ign
Assign AT Assign AN

#2

B

A5NN A-10 MatmMInadaudamutazannloaen lulussuuaseazaasaudvisu

Dataset # 2
fBEN FIBENKIMTNATDUM IANAMUUBLANNNIYAAFNINNNNVAHYNND
10

1

‘ rtand&Walking Stand&W«

! ! Stand & Rtagiaés

Running : Testing—02multi—walk —> 90.6842 ms/f

2

Running

: Testing—02multi—walk —>

80.6619




278

COREAY
=

N

MIBENHANITNATIUMIAAMNUILANNAIYAAINI NN NV UBA

Stan88aMdkkaWglking

Running : Testing—02multi—walk —> 88.685 ms/f

Running : Testing—02multi—sit —> 100.669 ms/f

Sitting
S‘ting

Running : Testing—02multi—sit —> 70.6605 ms/f
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COREAY
=

N

MIBENHANITNATIUMIAAMNUILANNAIYAAINI NN NV UBA

S“‘lmg Sjtting Lo Sitting
2 4 ”" b

Running : Testing—02multi—sit —> 61.681 ms/f

l‘imq endi q

Running : Testing—02multi—bend —> 100.934 ms/f

Running : Testing—02multi—bend —> 70.723 ms/f
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fBEN MIBENHANITNATIUMIAAMNUILANNAIYAAINI NN NV UBA
=
1l

9

Sitting ) nding
s

Running : Testing—02multi—bend —> 70.6586 ms/f
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NMAKUIN R.
A2a819KANIINAFAUNINTIRUNMINHAUNH AN INITNSElan (LML)
MINN A-1 AIBENNANSNAFDUNTUANENINSNTELAN

MBENaN MWAIDENYDINTATINUNTNTZLAA

1
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o 1 ‘ﬂl
NIDYNN

MWAIDENYDINTATIIUNTNIELAA

fandDown

fandDown
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o 1 ‘ﬂl
NIDYNN

MWAIDENYDINTATIIUNTNIELAA

4
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o 1 ‘ﬂl
NIDYNN

7

3y \

MWAIDENYDINTATIIUNTNIELAA

FandDown
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o 1 ‘ﬂl
NIDYNN

MWAIDENYDINTATIIUNTNIELAA

CandDown

i




287

o 1 ‘ﬂl
NIDYNN

MNAIDENYBINS

10

ﬂndbown -

11

1

M51UMsnszlan

9
o
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MBENaN MWAIDENYDINTATIIUNTNIELAA
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1. Pongsagorn Chalearnnetkul and Nikom Suvonvorn, “High Level Fusion of

Profile-Based Human Action Recognition using Multi-view RGBD
Information,” in Proceedings of the International Joint Conference on Computer
Science and Software Engineering, JCSSE 2015, 2015, pp. 36-40.
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