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ABSTRACT

Abnormal detection in crowded scene is an important issue in
computer vision and video surveillance systems. Many researches have studied and
tried to define the phenomena of crowd behavior. In complex situations, however,
ambiguities usually arise due to chaotic movements in the scene, especially when it
is solved based upon motion trajectory analysis involving object segmentation and
tracking. In this research we present a Momentum Force Model (MFM) to define the
interaction among people. This model consists of two models, which are Low-Level
Momentum Force Model (MF;) and High-Level Momentum Force Model (MFy). MF, is
the model of low-level feature based on dense optical flow and its interactions are
defined by a force inspiring the energy propagation phenomena that depend on
directions and velocities. MF, is modelled based on MF, and include three principal
forces: group motion force (GMF), interaction motion force (IMF), and reciprocal
motion force (RMF). MFM model can detect three kinds of group abnormal behaviors.
First, abnormal events in crowd are detected using a thresholding method. Our
method is evaluated with the well-known UMN dataset. Second, we can detect
fishting by applying the MFM with fighting factor to define the fighting force. The
fishting event is detected by using the threshold method. Furthermore, MFM can
recognize six group activities and we classify the six activities by using the neuron
network method. We test the algorithm for fighting detection and group activity
recognition with NUS-HGA and BEHAVE datasets. The best results of our algorithm
when tested on UMN dataset and NUS-HGA dataset, show that the accuracy is 97.5%,
while other results give an accuracy of more than 93%. The results of our approach
technique reveal good efficiency with high accuracy without the tracking method,

and are competitive with other state-of-the-art methods.

Keyworbps: Computer vision, Abnormal detection, Optical flow
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aosdflufidalaluiduiitnduqluaedid fdinesnwanuasiwazauvuuvenduls
SWilunsuanoduanunsoadnaiuannniséiemage Translation) n1s8ensevens (Image
Scalling) wagn13uyu(image Rotation) MIWUAIAARINE1IAINITORAAIAILLUNINGYUIA
3x3 ﬁﬁl,l,mqﬂﬁwmﬂu [0 0 1] Faun3ndtazudasfing (xy) Wudinavatenia (x',y’) lag
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finsaniiamaiilunneesvesneduiwaraannnasinamewasng nuauniseeluil
wazwlasnduldiduitnguwuuninuaudffdnleludides

x' doo Qo1 Qo2][X AgoX + Ap1Y + Qo2 (2.6)
y'| = [aw ai1 Qg2 [Y = Q10X + a1y + ay2
1 0 0 111 1

o ag, B9 ay, Ao laevilduavesnisasuiunisnisiedeudt Juneuseluazduiants
Uszanaalaenigea

1) NMsg1eiwnis (Translation) LLwamﬁammﬁma’mMs‘]’qgﬂLLUUﬁLﬁuﬁﬁ’mIaim?lLﬁaaima
nsiuuanuasreduy daanduaunsaoll

[P 0 &) 2.7)
X'=[ T%=[0 1 X
00 1

P9 X' Aeduuisidnisdiy X Ao sunidineunisdie I Ao wssnguuin 2x2 T @
sl v ° | = ¢ o a sdaaov a 9
nNwasEailauun 2x1 [I T] A9 nauanasumtuiasngnifidafednu was t,

t, Pensdesunisluiianis x wag y
2) MInULaENISENEiIUnIe (Rotation + Translation) anunsavilalagvenesuwuusie
NINUINLMILAzADALURLAY Aadaluaunssolull

cosf —sinf t, (2.8)
X' =[R TIX=|sin6 cosf t,|X
0 0 1

do [R T Ao wmdndwsusesuduiifidnleludilea R Ao weSndnisvau 6 fo yums
\Aouiangasasy

3) AM3YR-VYNY VDINTVILULATAITEBFIUALS (Scaled Rotation + Translation) dnwade
AdppAunIsuasnm annsouanslufifaleludideanuaunisseluil

acos@ —asinf t, (2.9)
X' =[SR TIX=|bsin6 bcosh t,|X
0 0 1

Pa S fo awnanivuame a way b dadunisvenslufiinie x way y d@w [SR T] fe
nyuanefudumnsndmenialaludides sUuwuunallveamesaafinnsuanesuudufe

x' o« Hx (2.10)
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x' hi1 hiz hys (2.11)

A y’ = |hy1  hy, h23

. L1 hs1  hsz  hss
o H Ao LoludLleaunsniiiatanonsdiuaeedause nouLn3 gL ANURIN gLt AgIny

Tunsalfunugalaludides
2.3 sanAnoalnal (Optical Flow)

pandnoalnald [66] avgnadaduiiiounuingiadounlusenitunsuied
fnnu muridsnsirfeuiiveseendnealnalann I(x, y, t)Uds I(x + dx, y + dy, t + dt)

AILAASIUNNUTENBU 2-5 @1U150NUlARI8LINMBS F9INLABSUTENBUABUUIA LAY

DAN NNULAPIFUNITANUA

>

Ldx + L,dy + I,dt = 0 (2.12)

[N
= [

= cu & & a a oo & ¢ et & v ea
"?Nﬁﬂﬂsliuul,ﬂuﬁuﬂ’]’iﬂwL‘V\IE]LiUL%Ua%LUuwugﬁuf\]’mﬁﬂmﬁLVIEJLﬁE)i“UQLUUE]HWUﬁVILﬂEJ’mU
ATalTRLAET ausaeuaunisiomdu

Lu+ va =—I; (2.13)
= dx dy « a s v
Bou=_"uav v =_""o panfnealial @U1TOLNUAIE d1nS 2.20

N u

W% y,t) = [V] (2.14)

YIATBLaTTIANIIvRIRaNRRRalNa JasaLnulafsaunis 2.21
— 1V
Il = vu? +v?, 0 = tan™ ~ (2.15)
91neenAnealiainlinaiuity 921U 9INdININUIIUHAURUS
FEAUAADIYTAAD WAIIUNITNTZANEAINTZBZN (Propagating Force) hagnaIaunIg
NTEABAUAAN (Spreading Force) Maznaninsluiidedaly

2.4 \nsLRguUN (Gradient)

insiieunivesnn [67] lddmsuusgihnmiianuilisuudasivegnelsdng
Usznoumedoyadetviln As auawasiien19vaunsfieun vuinveunsifeusildaduadadn
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venhamilsgiunisiasunlategsnsufisdafiddidunnuandansifewidaun
TuraefifiemennsieuilunmuansdafirnianisiUdsuiamenin

nsieuivesilandurelew@asdlia f[x, y] wiuainmesdesdifivecunay
WAL DIAUTENOUTDIDUNUS X U y

of of (2.16)
x,y] =Vflx,y] = '
glxyl =Vflxyl == 3y
wfdummaLuawmmml,uuﬂ'ﬁﬂﬂmsluammﬂa NN f[n m] Wudlsiduainansy
AVUAAIRILAY [ UBILARTNAR [n,m] Fadnwarsiavindetuse AUAIINE VB9
Usewaluunudt luanildnd Aunsiieuivesainans flx,y] Ao Iwmﬂmmmmmumi
nnmes Vkarawnansvesnn f aglanadnsilu = Vf[x, y] dmsunseuiunisAiuim

'3 1 a o A @ a v fal 1 af af = s aa
LINLHBIVDILARENNA [x, y] MUUNNAAITNTEUUTENDUNIY o hay % FILINLNDIADIUR

Vf ﬁ’]@ﬂiﬂLLﬁWiNEULLUULL&JﬂﬁQ@ |Vf| wagiianie e{Vf} lansaunisneliil

I/, ¥l = (%) ¥ (%) 217)

of (2.18)
®{Vf[n,m]} = tan™! | ==

[
I =

nnwosartudiamneiifiantugs Adseduauduvesnsmaidings

Y

gt =t = 12 )

Tunsuszananann awuniigaveansideuvidinlng azdurmUssinuvemasiuwiniiyn
Yp99nUsEnaUna Ul

g[n, m] =Vfn,m] = \/(6x * f[n,m])? + (dy * f[n, m])? (2.20)
= |0x * f[n,m]| + |0x * f[n,m]|

Awunign V| AoArnnuduluiiuiaudd f 1998 [n,m] Ay &{Vf[n,ml} 1Ju
Fimuafianagludainaniings insmeuiagldlisamiliunisadunagdauislianinse
Usziliuliinduniseeuligtunisesuelaeilsidunisaelow mnuniigavesnsifeuriay
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nsatuaedniad@mnsglaameduiuiinian tazealdinsalaaniuruiansineuiie

Avualauiu detiu Ansiieuiausalddudsuiunismveuninls
2.5 Tupandanunisiagaunvesnguyana (Models of Pedestrian Dynamics)

TUanUNgIUARATIIUNINAN BN ANTTUYDIYARE eLANUEIAMD

Tusunssnwaulasnsie miguaamuﬁ LAYNITANNIT LABLRNIEREN98Y USIIUVINAY

q
L4

yanasimaiedeuiiimAussuuinuauUasndvaydsfienudamnn osnimgnisal
AARUNA 1Wu R MyAmiuaniu 1usu nanmginssuvesnguyanatinnsiadeud
UFdutusifsuuuuianne fau namsndunginssuvesnduyanaesedalulii adudsd
Fufuegndaievninngidnsasnsufduius Minguyanaluanuidanandivgnisel
faundviol wasdunuifaruimeduegsinmsilesgingAnssuvenguyanai
Isie1n 1osnamuinanguyarasiuiuinn mwiianududou msdamuusazyanayile
p1n 1esaniinisTifunazainyaradauindnun fafu Fednarnnareauided
yhnsAnwuasianmslnngingAnssunsiedeuiivesnguyaaa e lildsane3iuiil
Uszansnngs lngaiiunsinsgidnuasmaedeuiivesnguyana fgnisnlunnang
Msiedeuinsildnd [68] 19y nauieativesuia nquiusiivan uazngnisiadeud 3
anunsnosueTeasenldfuiolud

2.5.1 nufaauvauis (The Gas - Kinetic Model)

meeneinsndeulmlnesuvesnguyanaldfunsimuiuuuiugu
yosuvuiianinislvavesuialuaduuu (Boltzmann) fiflaunisnisiedeuiitowizvesngy
yarauazvedlamanil Uszneude nalnAdudnieduiionmaunavesssuy dndnaves
Ay Bvdwavesusudoaniuniely uazgunall nadwsiuraulavisegeilduns
aunsathluSeuiisuiuaniunisalaseld 1w N1sNAUIEUNIAALYB I TRIINIUNIN
MIuninsEINevesAAL woAnTTIIUUNABRAUS uarn1sdaununsaTasld Tueatigniamn
Hunuusnlaegiseusunosdunazany [69] Fafioinnsndeufivesyssuiuioumiloudy
Tuianavesudaiificuieans luvaefinmandeufivesgsvuvunalngdauduniutuugy
wagmuanuduaieiiusazyaeatiinawazanuiiuandiiiuiaunsusinna luaduuy
(Maxwell-Boltzmann) asnsaldiiiessuisnisiadeuiivesyswulnesiulaglifladduemy
nuwdy £ (%, 7, t)

Launesdulszendldannisuiiniia luaduuy (Maxwell-Boltzmann) Lile
lunanisideuiivesnguyaaaliegluaniuzuia iilefinisindeuiivesysvunasiininm
mnutueseyme Tnstmundniuninedoufivosnguyanademizeiiu driuwiaidn
uiazyaraRiohannaieuivasnnuiifidesnsld wiogslsAmulinatiazdtaym
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LﬁamiﬂﬁﬁuﬁuéﬁﬂﬁuﬁnmauLLazﬂ'swwmuﬂumaqaymmﬁuﬁu LU U%Lamﬁuﬁﬂﬁza
Budu drsnaddsunvasmeunadfifaumuiuiy fauufgiuded Usznisusnnig
ideulvaudunuudeiiedlunan t vesdruunguyana N ffunts (x,y) wazannanss
(Ve V}) Usgmisitaeangurlaruaziiodndunguiouen dsudazeynavziuanazaiiy
amaadiaiiy Sanududeietusdsdsiulmanavesased uiuswnoiduas
Tiauwiud miL.‘flul,ﬁaLamﬁ’uawwhjﬁmmmmvauLﬁaw’m R TGRHRE U RRTE
SETMGLAL Y ’iNLﬂG]LL‘IJ'Jﬂ’J’]@Jﬂ@W]’J’]N%ﬁUQLLa mﬁjwawqmﬂiiml,mﬂmqnu Faaalaii
Feumaniomrrndstadomadinuuarduandoudugfe 1wy o1y WWudu Joduivgu
fnlude oumeilsiRendesfuaziinnududassaniulusuduniaazanuis Tufige
Qq%u%gﬂ&’j@amagﬂﬂﬁasﬂum’azam@a uazdehmaesypaainguiuaianzusiazyana
¢e Faaunisusinia-Tuaduuu (Maxwell-Boltzmann) azamnsnedulgauufigiudanann
dall HerFupnuthezdunuudedes P(V,) dwsueiAusenouanudupIuYeanIuisa v,
Fpaunsrelud

P(‘/x) g Ux — exp <_ - zx > (221)
N dVX V var.m.s 2 vr.m.s
R Vrm.s ﬁaﬂ"lLﬁmwummgmmmmmﬁa v=|V|
dp 0 ] ] )
—+5—(pvy) to (pvz) +5- (pAl) o (PAz) (2.22)
ot  0x;

ap\* 0
N
at event at event

= a | a a ¢ |
la A;uae A, 95UN8NNTDIAUTIVDITTUULALINONN 6 Wag 7 a5uiewmgn1saluull
ADLLBINILNNTNUNS DANVDINATINUNR LA PU

ogdlsfimudedidrludesilifanudniufesnuanuiguiignieaynde
dmsunsasislumanisinaveanguyana LﬁaammﬁmuﬁuﬁmmLwiasuﬂﬂamaumma@j
szdlanuddanndn uagnsdinunyszinnvednguyanaluiios o1y vie dnwaeng
Uszwnsdus Monadsnarengfingsuvesynnaluszuy

2.5.2 nuijuseaiiadn (The Magnetic Force Model)

Tuwmaussusiimangnitwinlag S. Okazaki wag S. Matsushita [70] 3slaima
nauuanalusyuu ndeududnvauznisysausyaluauuuivan wiazyaaalussuuds
Ie¥uuszquan Tuvasdiaonuiidmne Wy madsey vioiasinesivesia axiduuszg
au aiulddnindnvasiaulannquantiuimaniiiussiage swiinavilinguynna
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waouiiludadimine luvnziforfunguyanasziiusandnivyanadu Jeasnndeasiy
woAnssunINIem Ainsmanidsanisvuiuyanraduuagingdu 1wy vou leviinns
nadou dunnazidudidveesimndluifnaifidou fmeswazideaveauarniad
vuadlaands wwdedditoyadudunmiiielilinadnifiausietounssassiizuiy
foyaftdndu Ao yanunevatonis dundaiudu anauiusudu fnnanisiedeuiives
yana LanilyaralsuiAuuazisnisiiu Aduwegavneidudsiuiaulefian iesninnis

o

assaunsatimalinnuaraiulununisilifeslstauing dnganuiaulalulunail fie

[

Sunpdayarnusududoyaniieiieanndlifiveuwnrnumss yaravzdanustulagll

9

>

o w L3

fadrdnanunguesgaeuy Wenquuaragninnuaiduinguiivin ngndsnuimuizay
loun ngueasnasuy awnsaesuieldnsaunissieluil

_ 1 % (2.23)
" 4me  s2

5o Q, uax Q, e AATDIMIIBYEIUTERAUMILIMANYBITAY s Al STEzMIsTEMINsADs
ouNA uay k AeriAsfivesgasuy 61 QunuUszquIn uaz Q, wnuUszgaundeidu
Uaneng LﬁaamﬂﬂﬂiﬁqﬁwaaaﬁawgﬂﬂmmmLmLﬁuﬁﬁmmamm%uazagﬂugmwmg
YoIARDUUANANNTT

Q02 . (2.24)

.S
s3

F =k

dle § e gininmasiinanieain Q tUds Q, dnduuszqiienfufiinisu jauiusiu
syniayanadaduusmisuan wavesussitldavidunsandnsiofu Tumandufuduseq
safu iunsdlvesyanafutanemisiiufauiusfudadunsmisay uasiduussiagaues
oymafiiasslugsuaenis defideyneiunnnitaesiogluszuuasgniiudeudu 4
WELIEIINEYNIA FD NATIYDILIWINAAINYNABKTLLLY
Tunatiduszneudednusmiannssiiilenguyanainsvuiy asdesd
mMsdrassdnungiifinvanidssiumelungy fassyaradudimiuluszezniadiiivug
wRausdlitutuyanaiisaes dednmsdafulusswisiiuiifuyanadu asviliyanad
auansefuvdeiinduusidn damaliyanaiininssauisuiiowdsusianig iesn
doafulliiAansvuiudanmusznou 2-8 Fannandranunsauandldmuannis

dv
dta = tanf.cosa.v, (2.25)

d' A < A ! @ Ao o sw v
o v, fio ANISIveYARAa B Ae Yuserinsenudnduiusiuvesynnaa ldiyanab
(RV) fuiduiidnseriuainduvisyanaa lUdneanauseub dennauilasgnisenilugaiud
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Yoinguyana Fedoiduiunonanasluluwaladoarlosy [13] ez a Ao yusswinRY) fu
ANISIvRIYARaa IAamsludiunnab

AMNUTENBU 2-1 WAAINEIUALLTS LiTBYAARG NENEUNANLEEINITYUAUNU b [70]

Tumatignlddmiviasanmsauniludmanilndunivesoimsdtinau
oA a - ] =~ va = o w  w
wimils ienukunsindauivenguyaravasantsalilafuuasmanilvdmsuriadag
vodlsausy Wnatanunsaldlunisusediunaildlunisvauniludianaignidu Tinsies
NOANTIUNITAIAY TTIUYARRTIIAT ANEIVRINTIIRILAZEN BN ITLATOUT

2.5.3 wasuledeanasy (The Social Force Model)

lunailasuniswaunlaeg D. Helbing wazAtig [71][72] Winw1ulaue
wuaAnlunaledeanosylNoaulengAnIsuvoINguyAAa a1nauyAAaluiiuninis
WAy MY wInksiingAnssuduedivusraunisainountAuuTanuiLAY way
movauaInIsnsvhseiueenuluguuuunfiign vnlangAnssumanihdulssleniiosnin
< a A a £ 1 v va o v v v ) s <
WungAnssuitintusgdaludfnasvinlvaianisalls Tunaledvaneseduluma
NOANTTUVDIYAAR LUTEUUANLTAUNUAIETN T () Tuiuil Falinsideundaegesialilos
MeAUSINIENNINSARouRde Uil

dr,(m (2.26)
=v,(t
It «(t)

dloaudy B,(0) Ao msUdsunlasnisindeud way £,(t) fe AULIIPNAUARILLY
Wuanasey e?fqLLamﬁqmaimmmLmn@iwuaal,wiazqﬂﬂa ﬁﬁmaiwdwﬁqan%”amazqﬂﬂa
Bu uaﬂmﬂﬁé’qﬁﬂﬁﬁmmwmmc‘i’umuuwzﬁumsﬂuis‘uu FadunseSurewginsaudi
nauneliAn &, (£) faidu Aanussiaaldannaunis

dv, > (2.27)
W - fa(t) + Ea(t)
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lutnausenouniy £2(v,) A9 WAIIIUAIIULTY £57, AD LSINANINNVB UK
fap (o Do T3, V) AR USIHANINSUTEUTUSIINUARGDULRY [ (T, T3, £) AD UTIRIRA 7
aansamnaultdaneselaanaunisneliil

ﬁx(t)ﬂi? (ﬁa)Jr faB (?a)JrZﬁia faﬁ (?ar ﬁa' Fﬁr 5ﬁ)+2i fai (Far Fir t) (2.28)

Tunaledoanesyusznoudie wsaduiadeu (The Driving Force) wsd
Ufdunusseninauana (Pedestrian Interaction) wsaUfduiusiuusiiweu (Boundary
Interactions) W34UfduNUSULUUTUTIAIAA (Attractive  Interactions) AIUHUNIUVBY
wAn3s (ndividuality and Random Behaviour Fluctuations) fianunsnedususiag
dnusznoulaned

wsedumdau (The Driving Force) fia dauusznauniwadumaludaanode
FeeSunengAnssuynaa Madeudiludutmungiennuiidesnts v2 Aenisidenis
1611910 &, wazfinnudosiuuvesni1uiiiede Ba1na21597609n13
BO(t) = v2(t) &, (t) MleFudneduvenan 1, futy usidurdeuasnsafualds
aunssellil

o= Tl WE (1), (t) — Ve (1)) (2.29)

a

[

HiFn9fBIn1sveInguyAnaaINsaasulelanal

-

R p—Ty (2.30)
e, t) =—5———
* ( ) “p - ra”

= oA ° ! a v > o ' ) o & Aa aa o v
be p AD @]']LLWH\TLﬂ']WiJWEJVlW@Qﬂ'ﬁ ae 7, G]']LLWUQ%'“D‘Q‘UU LL@U@SﬂﬁQWNﬂimWWWI‘VTﬂW?

\mARUTvBINGUYARATIANNTIAT 1L UShaneuarsonindiUses vilidesiiuaauialy
Va1t aunsaesungladaunseelull

v (6) = [1 =g (O]vz(0) + ng (O vy (2.31)

d' max 2 ' g Ay 0 ! & a v a s
e v'9¥ fig ANEIEAUDIANSINABINTT wag v (0) ANANILSITUAY UAEINTITMES
selUllunuguassanisindeuntudadmung

Ug(t) (2.32)
v (t)

n,(t)=1-
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TngoSureguassnvesmsindeuiludutmue 5(t) Aedimnuitadeiindouiluds
Whnang

wssUduiusseninsuama (Pedestrian Interaction) MaNgBawsINaNTENIN
i faﬁ (T, Do T3, Up) BFUNEMSUTTUTUSIENINUAAR a Uay B ANUABINITVBIUAAR o
Tifisvogvinennyana B suaunsselud

f_;'g (t) = Atlx exp aﬁ + A? a€Xp

ap

[( ap — aﬁ)l

(ra[)’ - da[)’) — (2.33)
Bz |"

naums wausnvesann s uduniseiusuliuresuinaiuiiduiavesusas
yana uazaztielvnanidssnsvuiu nsdiidnswasuulamnuvuiiuiiidlalussuy
wafiaeavesannTIzdanIsngAnssunanienmesnsuFduius luusnaiduungy
yanallmIIiugRsiauTLdsnnIL M3Eees A way By vianeils ﬂ’J’]ﬂJLL%QLLNLLau
szzvesnaiiufduniug Wﬁmmaimmuwasﬂuawswawmuﬁﬁm i fufiduyana
mmmmmmuw Juogfunuuasamisdsautiug wniines dyg Ao szpzazninegn
AINANIURIYARATINNNTAN o AiD HATINVBISAEVOINANYARD @ WAL B B3 gy 1uUBNEA
lagnmosiivean B U a

i Xo(t) — Xp(t) (2.34)
“ dap (t)

Lﬁ,J’eJ Xa(t) Ao ﬁmmﬂmwmma a vmm t LLauL‘U‘L!LG]ENﬂU ,[)’ @Q.ﬂ’l‘W‘Uiuﬂa‘U 2-9 ‘VILLﬁ@QI‘M

LMHWWEWNLM@EL‘VI@’]U

AMNUIZNOU 2-2 LAAITe8sIEnIN a ey B [72]

wiaznquyana buszuugnluaalyiliguuuuiidunnuve sudaunuiiazidu
aNuAYIN WazMTIWesEATNY Fyp dmiunginssuveinguuanaiiuanasiuuuueiily
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Tns9n (Anisotropic) enfog1aitu Msnszviivesnguyanaiegnisiuntnazinanenis
\eufivasyprafiogdunds nduyanaansnyusdsiienaasiiatuduniiveuiuay
wannsoiufisenouldldodramnzan msdiwes Fuy WJuwamesivivlyinguyanast
Tuguuesesszuuiianusamueild Teildlnsuainesituogfusgy j \uynseninenis
\AdpuAinufiAsvosAuLAY Lazfianienisindeuiveinguyana ATusandnLanad
AmUsznau 2-10

1+ cos(@ap) (2.35)

Faﬁ=/1a+(1_la) 2

e Ao A, e AFndrasnuanuaratilelnsUnavenguyana wag

COS(Pag) = —Tiap(t). Eq(t) Wl &(t) = ”';—Egn (2.36)
Fordmualyt 1, < 1 1 0unmsaiinudnvazvoseilelnsUadinaniisiu yanailindoud
ogyafiuntazdnansenulnensuilo @ = 0 Folfu Fop = 1 uaznguynnaogludag
0<op< % U%” <@<2m %ﬁmaﬂizwumﬂﬁqm wanIiINUsENaU 2-10 dmsuan A 7
wAnAanY

Direction
of movement

\

\

!/ / / 01 A
| ) |

'\x\ 7

Mwuszney 2-3 uanspaisnwaznginssuetlalngle F o, [72]

a o [y

wseU JdusiusiuuTianeeu (Boundary Interactions) n15Ufduiusiu

Uihaveuvedunaiazidnvazadiefunsiiujiuiusiuyanadu Tnglismdnanseny
ynelllglnslavesnsufduiusvasnguyana aglad
2 Ta = dap) (2.37)
fap(T) = Aggexp ( B )naB
aB
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10 dgp A svBzsswheuinnueULaT YRR Ty, Fo uBSueaNeiTaINUT MUY
&1 o Beluanuiiadearulugasiivovannniinis vlferadetdymiveusuluuiifinade
Tuaa BalditnsuAtymiawisiesfiansanuinaveuiinisufduius 1dud 1) vou
ﬁgmm‘ﬁ'ﬁmaﬁiaﬂﬁjuqﬂﬂalﬁmﬂuwé’wmﬁgﬂi’mﬁ’u 2) finnsaemeBauyifidousoui
szpyafiduiian 3) finsanamgreuiitnansenuandias

ussUfduiusuuuiiussiagn (Attractive Interactions) nsdifinguyanadl
dnwaznsedouiidivniuuuuriungy 1wy aseuadaiidauduiusiuuuulnddn viondu
thvisafleafiazdiondunsluseiu Tusinussiagaidudasiuaziudaszdetu ilouans
Snwagirosnaifunguideiulutaanaiomn deussfigaaziuegfudisiaan e
yaaaladeudiuenoenainnguazliaulaussisge Jaussisgaazadieqfulunareanis
Ufdunusvenguau E)Ej’lﬂliﬁﬁ’mU%L’JmﬁﬁLLNa\‘i@(ﬂ B, Snilvwnlvaude Ay, e
An ludnaudafituegifuim

AMUNUKIUYDINGANTTY (Individuality and  Random  Behaviour
Fluctuations) W&sIunsUfduiiusfindnuiudaznguyanasisazuannginssuill
witeutuuayliluiuiuou Fuietulnemuiuarlinaundensnssyiinaniineeiian
mmzamﬁqm 1 &,(t) fe nd@Founan3datuiidiannfuiianisiidosnsindeudilu anw
aunseieluil

£, = (8. (), fo(£))XE0T? (2.38)

[

e X o N(0,02) Ailfleiduanuiasiduluudeilassisil

_ 1 1 —x? (2.39)
fx) = E'Eexp <F>

2.6 MiuunUszinndayanielasetnguszananiieu (Artificial Neural Network : ANN)

TasstreUszamdion (73] ldSunsimudunavdnnisiiugiuesnis
yhauresszuulsvavesiyed Insaiaaietnevarnvaisyssaniu uasiinindouse
synihaaIotedsimiuiusnginssuveaaietny dagtuldiininilassdieuszam
Wi ldnuddeegnan s 1wy 9uandisuku (@eile atewdu Tuntl) uneinsal
(9171 ) uLUvIAvYAses wagnsdangy Wudu Jaduanuiiideyadudeu lassine
Uszamitnanunsauuslfannsafuidnvasdeyadiuduudadld iosainlaseneg
Uszamideudunsuszgnduunaniinisinnuesssuuimaduszam (nerve cells) wiail
Fondrdasou (neuron) iielfssuuanunsnfnuagiinsiauldesrsdudouuniy
wuuanwesradusvamisnunediduiiuguresihsou Aivihiingn Ao dihdoyaduns
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il wazdaomaluddudasvessaduszsam Weflazannsadsewinaluduead
duqlddeld Fsdnwaurvesihseulsenause duduwnainvateuvassauiu lngdnns
vhoruwuulifuduess Wevhaundiadezuansalueying Ussneuiuadeiudnvue
Fuldiftisn A wasadu duuszneuiiuguveseaduszamutadu 4 ¥iln fe wulnsy
(dendrites) ﬁmﬁf]ﬁLﬁuﬂiaqmﬂm’maﬁuwm fumaa (cell body) WusUssunanadyyiu
dunm Lanwau (axon) vmididseendyaamdininuseaiana wasduuuud (synapses)
Vvt fidseendyaaluinsaduszamdu msﬂuauamywéﬁ'aiauméﬂﬁ%L%amimlﬂs‘]’q
Thseusndun Snvaneqisnegaidenle Welinnsnszdumeduiinsuenasiidyaai
rnuenilasiiingialead Jedmauidesnsyduwaddusdeluviels Fsnsiiouiudennu
nssdmileq aziRansidsuidanesihseunanssi Inganunsoutsvthinueuadiluus
azIU %qazé’ummL%’mmé’zy,mﬂmw%ﬁhﬁwﬂﬂmiL%auimﬁmaﬁﬂﬁwwéﬁmiﬁsui N3
AR LazAIUT
AuantRvedlasgUssaniisuianuaiusaiguviniuanesveauyyd
flannsnSeuduazandt wu WouywdldRnwigeuduarsgas fasinnisansiidessls
FowedsiilsiiagiFouinneufazamsaulannumsngldifooglsanmeiFeusiinum dq
AuantRvedlasiIgUszamineuysenaume 1uun (node) fudsdunm (Input) Awys
L@1¥iNe (Output) wazAenamdn (Weight) riidnuwas syl nsudsdnyayraudi
Fuusdunn aglduunAnnneulasiuazionseu nsUszmanailnunduuiAnunaind
wad msdeusifhseudemmminiuanseiuildsuaninunaug fuudauiainlsuul
uazazdilarduildlunsimundya oo vineiifenirilsidudelou

Input Layer Hidden Layer Output Layer

AMWUsENaU 2-4 Tasstedsyamiieuluulutaniin (Feedforward Network) [64]

Usstanlassneussamiiisnwuuludnami Usenounie 3 a1autu Lawn
Fusutaya (Input Layer) Sugou (Hidden Layer) uagtuuaning (Output Layer) fawandlby
AUsEnau 2-12 usarduusyneumelnuaiideuneny Welwdyarunasunliluiimnig

[V
v = 1

Pavth lnesusuantuiudeyaludatunanina Falvusluusiaydurusgivanududeuves
U nadnsanudaslrunansarmwInlanuaunisselull
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(2.40)

m
i=1

(2.41)

n
a2k = f Z(Wk‘i.ai) + bk
i=1

Fa p; o Joyadunm al; Ao NadwEnTudou a2, Ao nadnivostulana w Ae M
dondn b e Andesuu was flo) fie Herdudnelou

larduinelowazilusmmmunrnadns lneansadenlanuguuuudym
vaun dnvaznadnsilumsediomdoly Falaiduseloudivaneviin wu linear transfer
func‘uon log- S|gm0|d transfer function tan-sigmoid transfer function 1Jufu d@uan
drminuazandoauuaz sifumiliannnszuiunstous danszuiunsFeuiiluidendo
NSISEUHUULNSTounaU

n3seusuuuLnsdaunduidunisiwianuduius seninsdeyadunm
waznadns Tnomsduentminuazandeauy thaadwsiildanansudunniuisuisuiu
NadwEase wiSuAmnuarAndsLuuanAiwenAsannsUIsuLieu aunseiisld
AradnsTndiAsuasuiensafunadnsads aniuthandminuasandssuuaavineuly
futayadunalvid NMaSeuswuuunsdaundulsenaumedygin 2 @ fie dygiudiuas
dyaaile Inedyeyiuds ﬁ@ﬁﬁayjaﬁgﬂdqL%’W&jimq&d']wizmmﬁau wazdygraunlufe
ANTWANA19TEnInadnsilaannisAuin wazausafuINn1SUSUAIA2833
Levenberg-Marquardt Algorithm lﬁﬁ'ﬂ‘ﬁ

Xnew = Xoig + Ax (2.42)
Xnew = Xold — UT] + .ul]_l-]T-e (2.43)
g=2]".e (2.44)

Tneft x fio mdsiwmtnuazandeau J fo vladousnindvosousiusan
Hanatasoa1x JTAD nsualnaueaunin/ g AoulAmosNIReu e Ao LWASNDAIRANAA
[ 50 WA3NIUST p Ao wALWTNITISeus Fearladouunsnduosadaeimin J(w) J(b)
ladouresandoauy waswadndmannainanansoruanildsd
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de; de; de, (2.45)
aW1,1 aW1,2 aW1,sz
de, de,  Oe,

aW2,1 aWz,z aWz,sz

Jw) =

6353 6353 b 6953

—aWs3,1 aWs3,2 aWs3,52-

de | (2.46)
db,
de,
dab
Jb) =|"?
dess
9b,]
(e,] [t7—a}] (2.47)
€z t; —a3
legs]  Letd — a3l

2.7 a3

NngazBeanguiagndnmsiilinarin Usenausenisufuussnmnm
I bAA N198UAIRE19NIN NSuUaIFURUUTRININRUUBNTHUNTUaND S T was
wasaannnsuanasiuty n1smiliaesvesnnmengulesninoalial Lasinsihaus
n1slumanginssuveanguuana bown n1slavguijvesuia nguiuadmaninii naug
wdnulndea uargavnonissuunussiandeyasmethsealdnisn dannsdnwvimgu]]
fanann §ieFaldiie mauivantanfneide dWowauilnnalvalunisufautuslunga
yaRa biwn N1sUsuugsnunnvesnn mslafiaeseeniinealnad masiadulumandsu
Tasudfy (Momentum Force Model: MFM) #ififlugiusnainluaandsaulsdoads
eavidunvedlunavznanisluundnaly
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uni 3

ST U8UISIY

Tuunilasthiauesadeuiinmifedmiunisnsadunginssuiiinunfives
derunaznguyana aenidedlifaulunatunlv AifeniTunandsnulusmdy
(Momentum Force Model : MFM) titeTins1zsitanssuvesssvunaznguyana Tnoiiiunis
Waniliaed AfLuAnmudnvarNAnsTunsadeufivesnguyanaiinisufduiusiu
AWTWVBITLUY uanIfanmusznou 3-1 anansnesunslddn Busuainddiunmialed
Wunagidngnszuiauns nsusunmeeIsnsinesailainmsiudnesy (Perspective
Transform) ifletfunsusuyumesvasnmlidudndiudesuiranin udahamilldn
psrdunsadoufivesyanalunm feflosooniaoaliafisumiinga anduthoond
aoalwaifldudumdsulumudy feluaandsuluuiusedum (Low-Level
Momentum Force : MF,) kagthamdanuillfinudaruvineiiedaduindumnnisaile
feFEnswmsalaad Sandsnu MR agaunsadinIvaaeun1nsadungAnssuiinnund
vowmmanRmilugerussiutiunandld Sntendsenu MF_ dsannsansadungingsuan
seslunguyanald lngazdesdmnuAndausmiuuwamesnisundey Aansausn
Aanssurndeseanainfanssuduqldun ns3sludedy (RuninGroup) nsiubudiei
(WalkinGroup) mssiulaiaulariu (Ignoring) Nt INnguiu (Gathering) wagn1sdu
yaaslungy (StandTalking) wagdindumanisdeisnisimsalead uonand n1sdiuun
Aeanssuviaduqlunguyanaannsaiilfituiulnsasdesduanamdsau MF, Sy
Tuina MRy Fadundsauluaudnluszdugs Ussnousie ndsunisiadeuiivuungs
(Group Motion Force : GMF) Qﬂﬂ%ﬁﬂﬁuLﬁ@@%mawqaﬂﬁmmﬁaﬂimﬁﬁmsm?{auﬁlﬂ
fheffuiangu ndsunsiadeuiuuy Jduius (nteraction Motion Force : IMF) gnadns
Juiiioaiurengfnssuresianssuiiiujduiustunielunguuuufianisassiudig was
n&unsiadeuiinuudiunduituil (Reciprocal Motion Force : RMF) fignifmunduiile
o3 UNEANILIRTRINGLYARA Nt TndanunsedeuiivaurdauniFeudteiison
Wadsn Aarunsaswunld 6 Avnssu laun nasenses (Fighting) n153sludeiu
(RuninGroup) nstAuluseiu (WalkinGroup) nasiaulsiaulaniu (Ignoring) NMsLAWLLMY
FNguAY (Gathering) wazn1sdunanslungy (StandTalking)



Anduaiiidle Ussnaniangsy
\ 4 y T !
y ' nsdi 1 winnsalRaUn Ay E
NSUSTLIANANTNTUAY piuiiniisiuisiniuisiuiieiuisiuiieuistuiisuisuih y
sl 2 wnsaigndoslundguyana
l :'_______________________-_______________________________:
N5l ulauusy MFM s SELR NS | nsdlil 3 : Aensnilunguynna E
P STt : ,_________U ________ . E 'mﬁfﬂ"i@ﬂ E
: luranasnuluuudnsedua MF, E ! salgad ! E - msAelugneiu !
""""""" l S e ' - msiauluseny :
oo Yo : e i - msthuliaulaniu i
' leanasnuliaususeauas MFy | > E Trsouiindsn ! | - NMSAuImTINngEiu E
R G L L LR LR LT ' T E - mMstunaaglunau !

AMUTENDU 3-1 LaRlURBUNTITRTRTUNGANTIURAUNALUNGIUARR
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3.1 NM5UTTUIANANTNIUAY (Image Pre-Processing)

Mnamirlefldanndesfiffumisuuiluanuiiade agldnmiifapmues
wuuimesaaiinfidvuiaiagiuvisiunindesivuialng wazezdvwndnadliile
Munsvesingiisozinannndeseenly wilsvuinamyanadieguiuiuntindesd
ywelngjnityanadioglnaanndes iedesnssuumdsuluuuiy funeuusnszuy
wfowmatunsindeuiivesingnioyana meisniseeninealiaiduiuiliaesszdusi
wiaringvseunradzsenaumelialdnuiuuin uaswsiaslnaiazfosiuimAInganuy
fnamuagnasanannsuduiusvemninaiazthundesgiindaaRauniviels 3
awirlefillupmeuuuimesadafindivuaaulsivhiy asviilisuulnaifiinduan
nMsndouiisionguieyanalag Tsuuithivinduie dwalinisuimandsaudang
ihldAssimgnisalmaRaundianaiald ieidunsudlelgmiingnundsasiesld
ﬂismumiLLﬁlﬂuagaguawaqmwLﬁammmﬁ’uﬁuéﬁqﬁuﬁizm’waaqmw Fatfunouazi
AIateunldlun1snsiadunginssuvesnguuana xfeain wialendignssuiung
wasnmluspmeswefaaiiniidusmueanimlndlAsaund fensguiunis Perspective
Transformation fun13AlenewINNNIIENTEUIUNTANIAUNSIUAING Taginue
WnsNg (H) vu1m 3X3 Aauiedn p(x, y) Tussuu maglagn p'(x',y") Tussuiu o oy
aun1s (3.1 wag (3.2)

wx' a b c X (3.2)
wy' |=|d e f <}’>
1 g h i 1

1NN INUTTNOU 3-2 WANIAIDYNINATNSAINN1TYI perspective
transformation nMUsENeU 3-2a Aenmduatiuanifleniidadanvesnwliiviniu uag
AmUsEneu 3-2b Ao MmmdsnsuiuspmesesnmlsiidndrureanmivinfunielndlAss
fu Taefirsanlivuayaeadarumenzalndidoatuionm

F
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ANUTZNBU 3-2 UAAIRIDE1IoN1S Perspective transformation (a) nsuaty
(b) MwweanNTUTULNLDS

3.2 WaIUTILUAUSZAUAT (Low-Level Momentum Force Model : MFM,)

TutsnauaauiiansisasAdlwufungnnaiu uiazyanassiiadeuilus
Wmnefusazyanadeansinaiuly dsdnvanginssunisiedouiiinaninguszasdues
yaratugfuansnsfuniemilouty Tnefisoasihdnvasnofinssuniaiadeudl nasady
Tuandsnumsiedeuiivesisiazyana eudazyanalndeudisonuautd 1ia A
wazfievn sungnisadeuiivesinfu uardnumenoinssuvesyana n1sadoufisueeiy
Tuuduvesingrioyana esnlusnduvesgduinanisiedeouiivesing nunefs
e ingasiadeuitlutremii Usinalususuasiivunnunnudetesiuegiuing
wazANSmesTnglurnedy suaunisdelud

P =mv (3.3)

P Y P oA 2 v o
10 P AD MLUAL m A 178 WAL D AB AINNLST AU ANANUSENaU 3-
3 eyanai 1 In1sindeuiiogatn e Wesnningussasdnlils sy yanadaanunsanioud
v a Ao ' a a =~ P o a1 Y =~ a =~
mefianenliwiueuiisulvunluiiendulidssnnluuududetdes Weounaah 2 In1s
A A & d’! a1 o A ds/ ) v a A a ~ aa P
LAAOULTITY AzdlmluuduiuINTY nlingAnssunisiadouiivesyanail 2 19AN19ns
Ludadmunelauiniu luvaeiiyanai 3 nswedsufitudnvaeniwieingussasdind
A Ve < 12 I o Ly} a ao o v
AnussulidLtmanelagss areanuswnnililuuduvesuanan 3 IAuan vl
a A P P aNa Y] vy & A ~ =
ngAnssUNsIAGeuNvatyanai 3 danaludatmnelavintunisasindeuiniuasuldun
TuRen1eduanunsanseyinlaenn
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INANYULNYANTTUNITATOUNVBINFUUARAAININGTINT AAINITAUINN
aianwIRnlumandanunsiedeui Weaglinsiuilumwinleniinguyaaadiuiuuin i
Y « A 1 ] a L4 sala avy v v L3
anwarNnAdeuiedels aunmiuilieseivansaiiiiaunalasely tnglduselesian
Asazirnisvesyana lanenindsznou 3-4 yaaadl 1 wndsuiisieanusidesd
anwaznIsefeuun il ssegn1anldlaliintes awnsaunundinsieilainAmIngsu
N19AFBUNITLAURY YUNITNTEIWNAIUNINUTOLAINN WAL TEHENNNNSINUATOUN
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ndeundnyensslUdudmunewinty wagssaenanadnundeuntladeuin
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TAHUNILAGDUN
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UARET 2
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32

MnunAnluandsulunwysenoud 34 a11509eNRUUNEIUNIST
\ndeuiiflidendliaandanulumuiusedum (Low-Level Momentum Force Model:
MFM,) %ﬂLLm’azwé’wu%mmmmLmai‘mim?{auﬁmamﬂﬂaﬁlé’ Wneeninealnaids
Juillaesnisiedouiivesingluseium fannsaesuisldnamuszneu 3-5 Usznaudae
Wa99U 2 9lla 1WA WAIIIUNTEAUAINILIENS (Propagation Force) kagnag91unseaNg
aufienng (Spreading Force) dmSuUndaunsaenusyesnefosze s indsuanngeg
nszaeluldngaisiuresypaalugsfimnatine faasulsiunuszesmneonanauay
ANd tude ndsnuiiszeglndiuyanatzdauwnndian uazaziidfosacieszogiing
20N tUINYARS AIUARAININNINUTENBY 3-5a dIUNMUTENBU 3-5b ABNEIIUNTEINEAY
fimnna Adupvdonnunieiindsnuamsouinszanelld Tusgiuiianisuagauds
Fondanunszaeeglufimnsoanimne ndsnuaziiigeanuazazanasnilondaanuus
nszaelufiemsfiviesnunainfimmatimanedy

= \'/

A A
FEIUNTHAURATUTEUEN S PEIIUNTEDILAILF AN
(Propagating Force) (Spreading Force)

(a) (b)
ANUTLNBU 3-5 UIAALLAANAINUILLLUAUSLAUANNUSENDUMIY (2) WANIUNTLINYAY
Seu¥NN (Propagating Force) hay (b) WANIUNTZANUAUTFNI (Spreading Force)

il Wﬁ\‘i\‘i’]ﬂﬂiuﬁ]’]ﬂﬂ’]ﬂiw ¥19 (Propagating Force) mwlmﬂanmuanu
lliuEJuﬂ’ﬁﬂiuﬂ’]EJ?JEJ\‘iWﬁN’]UVI‘U‘L!E)EJﬂUﬂ’J’]ﬂJLi’J‘U@Q‘Uﬂﬂa Luawmmumamaawma
mmLsmmsummwlﬂlmn%mﬂ Iumqmﬂﬂuﬁumm‘qﬂﬂamaauwmamwmﬂuaa
svavmqﬁmﬂalﬂlﬁa“ﬁmﬁaa ety Wé’ﬂmumsm”mammwavmwvﬁﬁ'mm Lﬁamﬂa
LPAUTIFEANSIN GZN‘WQG]ﬂﬁmuﬂ”aﬂ@ﬁU’lﬁJﬂ’wﬂi’]WiﬂLL‘U‘ULmﬁL"UEJ‘u ‘vmmmamaq
ﬂiﬁv\laamnmﬂmmwﬂawma memamuﬁ]”muaaﬂummLiasuawma uarazilAranas
L:uamwmmaaaﬂmmaqﬂmmu FInMNUSENOUT 3-6 AMSUNE1UNTEAIUAUTIANS
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(Spreading Force) ﬁazﬁgumiu,m'mzmEJLLazmwé’muﬁéﬁuagjﬁummL%faLﬁziuﬁ’u losand
yaraiimsiadeuiithganiniy sxdiiansiivanssludahumiadmneuasszoznied
wndouiilulsaeiiun ilindanulushundsiianadmsnedidunudiiyuniinszaned
tlon widhuarapdeuluFatmunesmeeranates vilvidgsaelufianiadmsnedion
fooitufuusiaziipnianszaienin Faanursaununginssunisuknszaevemdsanild
mensmindil@eudsianslunmyseney 3-7

UAAEN 1
rv

—

=l

-

AU

t ymAman 2

b ¥

A52310
AMUITNDU 3-6 DY NLUIAANAITUNTTIBNUTZBE NN oYARALATUT
PEANLLSEN9AU

—
u

ANULStRY
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~ <
S AULSINNA

nUszneu 3-7 MegisnAnndanunszatenudfidnidioyanaindoudi
P8ANULSIENeAU

INBUIAANITUIATINFIITUNAINIUNTSA18AUTE8EN (Propagation
Force) Lagna1uNTEIen1uiAnI1e (Spreading Force) AINd17 98ABIvINITTIUNENY
NTEANEMINTEIENNAUNGIUNTEEINAang Wielildnadnsamdsu MFM. 7
WMUIEENAN1T059UNF1uLAnA87T LYY N15UIN (Summation) N15HAUA (And) N3
Suwmesien (Intersect) uazn1sgal (Multiply) #3087 ef3deinsidenisnisga (esan
wadnsildararunsaidnuiinnveudilideanisld dinmdszneu 3-8 Auansiedis
WHUAMNG 391U MFM, Sedunsasuansmmaseusnn Tuvasd a8y fmdes 8300 81 was
AhiiuaruansAmdanuitesasnmudiu degsyanadindouiidasainuiatesd
AMUsENoU 3-8a wiwdsnu MAM, tesflusinszanoniiauagszaznianisnszangluss
Whmnetey daunndsznau 3-8b fegayanaTilARouTIFIEAALEINAMEINY MFM,
1N YUNSUHNIEIdesLazIzayNInszelUdatmuneun

A

A

ﬂﬂTNL%’JﬁQEJ A1LEILN
Y 1 [ P A Ay & a1 LY
AWUTENDU 3-8 AIDUNIMNUNTNNAIU MFM, LHRUARRLARBDUVIAIEAITULTINAINNY
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nmsTundsuildnanudunisondiogswondseu MEM, el
oonfnoalnaiviniy Juioyanaedouiiimfuniefufauiusfuuds asdesdiniss
wEsuUiduius T et lulinssingAnssufiesfetudeluld Sannssundsenuded
mMsUfduusiusenineyana annsosuiuldfuuaaluamusznou 3-9 wansiegadle
aosypraLduduge§thg Tsvezviediddlifimsufduiudiu fanmuseneu 3-
9a uhiloynraiadouiiimifusessoslndfusntuasinsufduiudtulasannsor
wEuiiAstu iewandidiuindnsuiduiusiunuietesiiiodla anamdszneu 3-9b
nsUffuiusiiAatuianuldsuuse iesnnununmndanuiddudsndntes dw
Amdszneu 3-9¢ yaradudimfusieanusmniess o idldfinnsujduius ue
waumsndeuiveauiazyanadiamin uazidedlndtuinisufduiusiAewdsauiiien
INUNUANNEIUARALAS FanmUseney 3-9d Welduasiumdsuanmsufuiusues
nauyAnaud asiAmdsnuiluiiessimenissirufiaunfvessrusely

- <8

(a)

(b)

(o)
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(d)

ANUTENBU 3-9 AIBYNNATINNGIU MFM, (3) aaqqﬂﬂaLaum’f’]mﬁ’ué’fmmm%ﬁae (b)
msUfduiusnAnTuanyaaadmuseanusles (o) dosyaraliudmviiuiig
ALEIN (d) myufduiusiintuainyaaaidimdusiieanusaunn

InuwrAaildnanuezaiusatiunadslumandseulumusy (Low-
Level Momentum Force Model: MFM,) Lﬁaﬁﬂﬂ‘imeﬁwgaﬂiimm@wusialﬂéha
Fnsesseludl nsfmumeonirealraiozesugluinde 3.2.1 nsAuIMNEIUNTEANY
AIUTTEENIS (Propagating  Force) 2g05UneTuiide 3.2.2 WA 1UnI28nURAANI
(Spreading Force) azasungluite 3.2.3 nsvundsnuufduiussedudazesurelu
P08 3.2.4 wan1siasdluma MFM aveasungluiite 3.2.5

3.2.1 sanfnaalnwad (Optical Flow)

&N nEunSEUILNSUsTIaRAn WL Femaulusmesnindae
Faswesarafiinsndrlesuuds awdrgnisluna MFM, LilemanvaurnsuFduiusiu
Tusgmienguyanalunin Seusasmsudumaindouiivosyaraazunufeseninealviad o
fumanin Wesniduinisiilidudeoudofieusuiiesuuy spatio-temporal flennuas
Fudou wndAslumsmussuFduiuslunguaziiuluinginssuvesnsufduiudlaglsifing
Aanuingindouiity warazdeamAmdsnunngniefiiivas fefuruinvesniaded
auddnlundveananililumsdmnadaneiiuwazamnsafindianugnioswadlusunsy
Faagldngud] Shannon Sampling Theory [17] tieUszanmunisauaaniiaisslunisidend,
maadeuiivestilailunin viovuavesniauddidanuiawaiasfian annguivuiave
sninvgdanduaesivesesuuuisinauiguingiisaulagivneduasuive
sn3n dndaduuelnginiingrieauasilvideyansiedeuiivesnumeluld aantuusiay
funsnineeninealiafazgnasistuiiounuingfindeufilussninursufioginduni
auns 3.4 uayisnsmunreeninoalilaiuansianmuszney 3-10 wazanUszneud
3-11 uansiegseeninealailunmiile WenIedvuinuansisiu Gsnmusznoud 3-
11a fvualvisniadauin 10 fina Gedvwindnnitanunirsesiiauuinagviliiae
Iafdudumunnideyarainisiadeuil fmusenoudl 3-11b fuuslianiadauin 15
finea Aflvuadnnihanunhsesihaudntes SuniliaifiAatuastiosas nmusenou
7 3-11c Amualdainiafiowin 20 finwa Aflvuialngnitanuniteesdaudntes
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Punliainfstutesatuinuiedeyanisindounvesyanamely uaznmusenaui 3-
11d Amualiain3aivuia 25 AnanivunnligniiAuniusfIALa oLl 99U
Wainfntulesasnniideyanisiniounvesuanameluuiniy

y

M

destination

:dy

v
5

origin
ANUSENBU 3-10 5N15ANLINADENARDAINEYD

%]l = Vu? +v2,0 = tan‘lg (3.4)

¢ d a
Feu=Zlaz v = - Ao sanAroalla)

(a)

(b)
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(d)
AMNUSENBU 3-11 Mvgreaninealnallunninletlansaivuinwnnmnaiy

3.2.2 WANUNTZA1NIUITZEZNNS (Propagating Force)

WEINUNTTIBANLTTEIS A WEINWARIINDeNRARDallaiduluTiiaes
Tusedum finszarennaedaduesninesludsiiamadivane ﬁwmwé’wuﬁuag}'ﬁwmm
yosnnmeslrlaiuazfudnuarsuuuuindideu fryanaadeuiisisrnuiitosdnuas
wiseazdunsmind@euifigauazuay uidyanardeuiidonnuiiiundnas
wdsuasdunshnmd@ouiifiasuagnine ndsodusumidndyadeiuagiiamdnugs
uazazvanauilemunisegianiueonlumuninysznou 3-12 uarAmdnunsz ey
SEEEMeEINNIaAIUlAINANNTT 3.5

Pl = 25 -’
u)=—=e 20
\V2mo? (3.5)

1o P(@) Ap WAIUNsEIElULUIRTURUSHU @ o ARduleuuuNInggIU Y Ao ALRdY
wasunsrareluwwIne P@ Wugduuuindi@eunanidotu waslidgeaavindu 1.0 uas
INN1TNAABY ANNBY o Lag P AEAD 1.0 way 0.0 mUaIRU
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destination

AMNUTLNBU 3-12 A19819NISAIUIUNAINUNTZANUANUSLULNIIVILAATDNARDAINAY
3.2.3 WAKIUNTZA1ATUAANIY (Spreading Force)

w¥sunsyaenufiamsgnainstuiielinnumanedn wasunszaean
sedulugauinansseudisedils e?fqﬂﬂiﬂizmawé’qmuﬁ?sjjua&jﬁ’wmmLLazﬁﬂmwaq
nnweivioseninealnal FangRnssunisnsrnevemdsnuie f1uuinveseoninealilal
firntien wdanunszneniiansaziiddesuariyunszanennn lunmensstudanilovuna
Yo0anAnea A IlAININ NEIUNTLIBAUAANIETAININLALITTLNNTE I8 URY F1Y
AMUTENBY 3-12 MYUNIINTEILANTAMUINIAAINANNTT 3.6

B (i) = 180e~0-2511ll (3.6)

e B(d) PeAURIYNNTEALAIN 0-180 BIAT

a I a & d'
qu‘]EJEJWM@@@IWM%@JmaﬂizmamﬂugﬂLLUULﬂWLG?jEJu G]’]NV]LL?{@\{LU
Andsgnau 3-13 LLa3a']ﬂJ']ﬁﬂﬁ']u’JﬂJWé’\N']uvLﬁﬂqﬂallﬂ'ﬁ (3.7)
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AMNUTLNBU 3-13 708 19NA1UNTLANLAUNFANIVDILAAZDONARDAINAY

NS iy alx, y) animualalagaunis 3.7 wagaunis 3.8
arlimdsunszaenuiien

w(ny) = cos! (x * U.dstx) + (y * U.dsty) (3.7)
, VX2 + (U.dstx)? + /y? + (. dsty)?
25 _@en-w? (3.8)

e 202

$ = gz

e S(@)pm A WAWIUNTEAEMUAANNFUTWSTY B(M) Tyu a = [0...5] uaz
o= rtang asuglamunnUsyneu 3-14

&

dst

ANUIZNEU 3-14 @0E19N191A7 p(x, y) TUALNITNANIUNTZANEAIUTANI
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wiluanuluaswudusazingd a dunis a(x, y) laqaziiloniasglunn
menusuvivhliszarnsnsyanedefwnndsiululuwsazaenusud nsmsses p(x, y)
dielildavennddsuluidavesnu x annsanldded aunguosnisvyuiiad
MWUsENBY 3-15 MudNnIs 3.9

»
-

~ o e X,
\/9 R4 p(x.y)
~
o) L

AMUIENBU 3-15 N139AN X' MIUNHNITAYUIRR

x' = xcos@ +ysinf = p(x,y) (3.9)

= = ! ¢ o = ] ¢ = ] a ] Iy
dlo 6 fe yusznindlaiiuunu x Fudazmenusuiaziinmial p(x,y) Auanaieiuly
AUANUTENOU 3-16 AIDNUTUNT 1 AwauAT p(x, y) NEUNT 3.10 AuamUsEnau
3-15b

p(x,y) = (x — xorg) cos(90 — 6) + v - YOrg) sin(90 — 6) (3.10)

ATEVUSUYIT 2 Fuauen p(x, y) 91NaunIs 3.11 AunmUseneu 3-15a
p(x,y) = (x — xorg) cos(6 —90) + (YOrg -y) sin(6 — 90) (3.11)
ATBVLIUYIT 3 AwdAn p(x, ¥) 3NaNNS 3.12 AMnUsenay 3-15¢

p(x,y) = (Xorg — x) sin(6 — 180) + (Yorg — ¥) cos(6 — 180) (3.12)

LAZAIDNLIUNN 4 AAT p(x, y) INEUAIT 3.13 AN nUsznou 3-15d

p(x%,y) = (Xorg — x) cos(8 — 270) + (¥—Yorg) sin(6 — 270) (3.13)
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op(x,y) &

(a) s)

@)

AUsENDU 3-16 A1981915AT p(x, ¥) U 4 AIBNLITUN
3.2.4 A155UNAIULULUUANTZAUAT (Low-Level Momentum Force Model : MFM,)

Amdsnunszaemufiansaziingean ludumisiinssfufianiatmung
yosoondnealiad uazndanuaziimanasmunsilssuuvesiianadmnevesoondnea
Tnad 91nfinananagldndsanunisnszatenusseemns (Propagating Force) LagNaay
N3¥A18ANTANTY (Spreading Force) L91@w15aA I MFM, loanaunis 3.14

MFM, = PGD)S(a) g (3.14)

9 MFM Ao ndssudfdusiusluszfudn dsanunsomuialdanaaguueandasunis
nITIERMTEIEINALaENAsURTE e mdiane Tasvnlundringilindeuiiusznaude
vansnmestuegfurunvesinguaznia uiazgaiiaulandessumdsuainynlnadi
nszeruInfatug Idunarmvemdsniluanduvemng MAM, Seanunsarundd
3INANNIT 3.15

Al (3.15)
MFM,; = Z MFM,
i=1

s Ao o

#9 N fio I1uiuveteanfnealilal Nindunszaenuludganauls

AINTINVDINTZUIUNITATUIUNE U MFM LEASAININUSENDU 3-17 &9
o w o ) L3 s [y a = J [ v 1 &
%memmumwmwmﬂui%lmsmw AZBANBDINUNITATUIUNAINIU MFM LLammmaIUu
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soluaviduniseSuredanesiud 1 dmsu lana MFM,
1. dmsunmaziisuAuIMeeninaa g
2. dwmiuudazeaninealiad Arutnvuinvedlnal [[dll = VuZ + v2  wazdlyy
9 =tan 12

u
3. dmsuusiazeendnealnad AUIMYNNIINTEINY (Spreading angle) B(U) =
180e 0251l yagAandiiunus alx y) Siansavegluveuivnvadinaituqmiels

AINANUNT

-1 (x+U.dstx)+(y*U.dsty)
V24 (U.dstx)?+/y2+(U.dsty)?

waznsEeu alx,y) < B(@)/2 wioli

v A [ a
adeulalunuase:

a(x,y) = cos

(REl-p)?
o U . Ed 2-5 _———
3.1 AMNUNAINUNTZANLANNTEEENS (Propagation force) P(U) = =—e 277

o o - . 25 - @En-w?
3.2 AMUIUNAINUNITLINYAWNANI (Spreading force) S(a) gy = NorToka 202

3.3 AUIMAINAIULLLUAL MFML = P(u)S(a)ﬁ(u)

Sdeulvldifumuese: axfiansAuiamednadi wazdumdundwednaidaluie
avnaauiiouludely

4. YAIANNN AN TA G AU MFM_; 98308nfinoalna i
‘ﬁﬂmqLLamJaULszmasﬂugmﬁﬂﬁmm MFM,z = YN MFM,;




a4

mmualit k=0, temp=0

AMBUNARIINALIMENARDA I

A FLrUaRNLEa plxy)

k < flow.size
K Ao fuusaen

v

flow.size #Aa S1usula

1

AsASIRERURWMLIR naRTAmaNIuaInng 3

a(x,y) = cos™

a(x,y) < Bx(iy)/
a(x,y) fie dunisiiniealas
B (W) fie un1snszany

MFMy = temp
(x * U.dstx) + (y = U.dsty)
Jx2+ (d.dstx)? + \[y? + (W dsty)?
Iaddunusdnly
, k++
Talla

1. AMUINAINURINTZHZNS
25 _ (El-w?
202

. V2mo?
WD 1l = /(x —x)2 = (v — y1)?

Pk (ﬁ)) = e

2. AUIUNANIUNTZINYAUTAFAN
S _ (p(x.y)z— w?
a = —¢ 20
B = g

g B
LD a =[0..8] OY o =rtan

2

3. AU MFM, =

P@)S (@)

\4

temp = temp + MFM,;

k++

v

X++, y++

ANUTZNDU 3-17 AMNTIUNTTUIUNITATUIUNSIU MFEM_
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3.2.5 HAN159120914LA8 MFM,

531899 MFM, maauiauasfiavisvetsosninoalia’l iiouantandeu
maedeuivesinquanslimunaunnndenulunmuszney 3-18a FeAvosununm
nE LI desrdundany dunauansdandsanuszdugeann Andes Weanazdiiu
vinefandsnusssuidanneudiu Iaiiflvunndnuansdsingadoud 419 wdsaud
yumsnszaena luvagiliaiffvualngjuanideingedeuiiimdsnuiyuniinsgane
weunazlulslng nwszneu 3-18b uaasiiegandsnuuFduusiignainsanasslvlaily
Armnaianafuldun femsunuiu auam bl Jwansdsaeddnaiindouivuiuiu usde
sypgiivinefudaaifinsufduiusiu nw b2 uansnmnsujduiusiuvesassinaily
UShadidouiiuiu waznaneiudduuns mm b3 wansfewdsnugegaitingvielal
wdeuiidmniulufiamanssifuduuasndsnuufduiustuvesaedinainaaduiuas

-/) ;

AN

Magnitude=5 Magnitude =10 | Magnitude =15 | Magnitude =20
45 degree 135 degree 225 degree 315 degree
(a)

side by side L-arrangement opposite

(b)
AMnUsenau 3-18 nsdaesluina MFM, Nduiusiueeninaalnal a) wasu MFM, 71g3519
nladilasuUaInuIuInLazian1wadnal b) wasanu MFM, Nas1eanndadinal

d‘ o 1 2 = v v -7 1

HIRAMINAINEINY MFM, 1109030k 92 LALALA NN NI UTD AR ZINSY
dinihuageumen winlorasy agaunsathAmdsnugeanilaluniazmsuuinges

a =Y I~ 1 a a A a a d!
quﬂiimmﬁgwmmaﬂwmsLUu@wliummﬂﬂmmawmﬂﬂm AIUNINUTENBU 3-19 %4
wnnsalunffenguyanauluunimefiamadimunevewues munmusenau 3-19a wag
fala a A ' ~ a ~ A a = Y 2 a

WANMINNRAUNG Fie nausssuiinisimiluaniululuiiensferiunieauas Ainasniany
AMUTENOU 3-19b Faasihnasnuiladngnssuiunisdndunginssuiiinung lagldisnis
WsalaantunN1sAAAUAINAINUNRAUNR FarmsalaanaiuisamuiulaanneA1asnilaves
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[ '

N3NNI (Half Maximum Peak) IagiludazinsuniaziianAIngsany MFM, asgaaien

tuannniansalganazuaniisuludumsuniivenisaliaund dsannsaleanfiiden

v v

WUNNINNTNARDI UALHANTNAAOUNNINTINTUANHRAUNRLUKIYUIENaNluUNT 4 ade

4.2 ol

R

"

(b)
MnUsznau 3-19 fegrandsnu MAM, Tunwidlerlsy a) Weduwmsnisalunfngdsnuy

MFM_ agdlentiay b) WlainmgnisaliaunAng sy MFM, 9sdA1uIn
3.3 Wﬁwﬂﬂmuuﬁmzﬁugﬂ (High-Level Momentum Forces : MFMy,)

nlupandau MEM, Aldnanundrssiu Bulumaiiwauainfiweseons
ﬂaaIWa’J"’U\‘iL‘UuWLQBSSUW‘UG]’]?{’]SJ’]SﬂLLﬂﬂﬂ‘Wi]G]ﬂiiuﬂ13LﬂaBUVIGUBQNQGUUVliJﬂ’]SﬂQ?{NWUSﬂu
Juduunindigurunmndssu NTuegiuanusiasiirniavesynng Fawdeauil
amﬁammami%mwammwLmmimwmmnmuiumwmiaQwulm wsililothAanssy
3u 1A naiiulusheiu (WalkinGroup) ns3sludediu (RuninGroup) nswdulsiauladu
(Ignore) nsiiiudunuiodungu (Gather) n1sBuyarefu (StandTalk) wagn1swnses
(Fight) 1nAMNMAMEINY MFM agnuimansAanssuiifiyaradiuaunnuagiinnmuiunn
i medslufefusaznsensesiuazismdsnu MFM g wagnaneAanssuiiiinisndeud
YOINQUYARATIY FLAMENIU MFM toe wu nmsiuliauladuwasnisifudmiy ozl
mmammmaﬂmmmmﬁﬁﬁﬂﬁaséf@qﬁmiﬁmsmé’ﬂwwwqaﬂismLﬁmam'mﬁ’uimmami
.douiivasnguyanaiiiessydnvusanizrasudazivgnin deiugidedeldsegndld
w&su MFM Saufuilaesszduganidunginssuvesyanaiionsiadunginssunguyana 2
¥ila lun msnsedunginssunisvnsosdadudnvuzionzveanguyanadeazeduislu
vhiefl 3.3.1 uagn1siinfanssuvesnguyana 6 viln AAuAseunquAnYAENgAnTIY
uywinntukasinnududeuinndsiu aseduneluiated 332
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3.3.1 WALTUAINTUNITASIVIUYNA Y

nadeiinauavaI s 191 MFM, mmsw%’mmmaaﬂﬁﬁmﬂa
Tupswulel UONANE NEIU MFM, mmaaﬁwmm’mﬁ“fuLmﬂ’ﬁajﬁzmﬁiaeﬁﬁé’ﬂwmmaww
wnfuninsinnsananuiufissesnadien Tasagdeafnunfaudsunamesnisendes
andn esannmgnisaivndesiidnwaznginssuiuansisanimnnisaiaidunniu uas
dududesamrsonsninanisaivnsesanianssudugld 1wy wmnisaiidulufetu
(WalkinGroup) 33lUseiu (RuninGroup) warnsiiudnmiy (Gather) fanmdsznaudl 3-
20 uslazimgnsalazdifiemenisindeuiivosnguyanafiunns1siy wgnnsaliduluseiu
wazddlufeiunguynnaeziifiemandeuiilunafediu dumanisavndesuaznisiiu
Lﬁé’hmﬁu%ﬁﬁﬁmqﬁLsﬁﬁmﬁ’uﬁaﬁﬂﬁé’mﬁuﬁ‘ﬁu INBUIAANTITIULAANSIIIU MFM, v le
nauyanalAulufefuaziinndssy MAM, Urunats uidinguyanaisieninuiialy
wouqfundanu MPM, Aintuasiirngs ienquypeaiudwniudenimiteondsny
MFM, Fiinduasdintiunans withnduyanaiedoudadoanuimnagyildiendseny
MFM, fflAnann FanmUsenouit 3-20 FeAmEanu MFM, 17'iLﬁm%ummmﬂ’liﬁﬁmdﬂﬁ%hj
ansaLenANLUANATe NI U le ST IMAnsaivnseylilas

an ® i3
- — =
1
Wwuluseiu Alumedy g
MEM,
{ ' ']
< T
e | MmN
Moy
L < > ~

=l

/l

ANUIZNBU 3-20 AI9819MUIRANGINU MFM_ U83979NTTUANE

ru - =
ANl ﬁ dudwiu (57> MFM, <m
j _— | — —

a2 P

o musilos
AN

AnAUsENBU 3-21 Winlddmdsu MEM, Seldanunsautawenianssula
wdfosdimsangindsrunsufauiudiiniuiiagnanisluddaly amdszney 3-21
LanIR9E19NaI9U MAM,  AlFann1snaaeufeRansinvesnguyanaiuandieiu
amUsEneu 3-21a maldudmiu (Tnquedeuiluiienismsadng) nmuszneu 3-21b M1
wuluseiudungy (agiedeulufirmadiontu) uas mwuszneu 3-21c nmsiAunuull
aulafu (nquadouiluunsuney) seduvesdluLHUANNEI LT INGLYARATLATEUT &
WeApsEAUNGIUos dLasPaserunasuinuasdndosfendinussaulIunans
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(a) (b) (o)
AMUIENDU 3-21 HI9ENNEINUY MFM, veInguyanaiiladeunlufanssuiunneieiu

(a) maiudmniu (b) nMsiwsedudungy (©) nsiuliaulaiu

lagaluuaingfinssunissndesanunsaesuiglasall nsiedsunlungy
yAraagesIMsINIsTINRLuuTuiiiulauazfianiadiniiu Feazihaanvaziinninis
= A ! = & [ o ! [ P [
wasuvenguyanadaduilineslussruganduinswiuluma MFM. 1iiensiadu
WeRNTIUAIBNFIRY AzvinIsiruamulsamasaely £ auauniseelul

@, x,y) = kseke?@xy) (3.16)

o f(u,x,y) Ao LLWﬂLGl@iﬂ’]ﬁ‘UﬂmaﬁJ 0(r,x,y) A mmmmﬂﬂawwnm (x,¥) fifien
91979 0-180 ks Uag kg Ao ARl aaaudAves 6 Ao Snisiedeuiivesnguyanalily
Armadeniutuy Aanssuvesnguyaraiiuvidedsiulufirmaientu Awes 8 agildndilng
0 Tumenduiudnguyarairdeuiiluiimnsnseiutm 6 azdandlng 1 fanmdszneu 3-
22 Fetfu Amasundsenluusazdu Tnsawnsansindunisonses i dudeaunts 3.17
1.0 7
0.8
0.6
0.4 -

0.2

- - - 6 (i, x,y)

0 50 100 150

AMNUIENOU 3-22 N3 ansAuduTUSTEnINaNsEninalnal (X, x, )
AuALNames £ (U, x,y)
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Fiey) = Zf(ﬁ,X, y)MFMr (3.17)

uev

AMWUTENBU 3-23 LAAIRIDENNITATIIUNGANTTUNTINABEVBINGUYAAA
AMUsENOU 3-23a WansnmBunsinleindaesyararidsundesiu uazduinoowinea
Inlaiyneunuenia MnUsenay 3-23b WEAINEIU MFM, fflennnuInadfiianadim
fupgn95I0L32 MNUTENDU 3-23C LARIMAINUNMIINABEATAINNLENIFRAUMAN ]
InsosseEnsmsaleas nwdsenou 3-23d uansiunsnsendesfiiatulunmlneay
uanadudung IinnnuInaiindsnusndesgnitdmsalead dawan1smaaeuNsATIITY
nsnsesazesutedellluunil 4 sde 4.2 uaglwaivifanmsamnszuiunisduam
waaunsujduiusdmsunisasndusnsesazuanslunmysznau 3-24

(a) (b)

(©) (d)

ANYUIENBU 3-23 FBE1INTTUIUNTNANUNNTINARY (a) NMNBUNA
(b) Wa99uR1Nea MFM, (C) E99IUN15UNABY (d) N1SATIFIUANLAUINTINADY
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MNDUNANAINALI
pondnealnal

>
l

AFIVADUA NS
AsatAly

U FUNUINIALlA9)
nyadeulvlainegseude

\ 4

udeyalvailunnmes
temp=0

for(i=0; i<k;i++)
for(j=0; j<k;j++)
f=abs(flow,.angle- flow;,1.angle)
f(;, x,y) = ke PUTICESY
temp = temp + f(u,x,y)MFM,
}
k fio Iuaulad

Y

F(x,y) = temp

X:X+g, y:y+g
¢ A IUIANSA

AMNUTENBU 3-24 NMINFTIUNTLUIUNTAUIUNEINUNSUFuTUSEmMTUNITsIRTuTnEeY
3.3.2 WasUdmIUN133ININTIUNGUYUAAR

nasuUfduiusdmsunissinnanssunquuanassiiunsussyndldluna
w¥aau MPM Wranansadsumnisaivesyaealdiia 6 siiafinsounquianssuriluvesiywd
wnfunugadeyaiflomnsgiuiiliveaey WWud madulufedu (WalkinGroup) n133sly
#efu (RuninGroup) mstiulsianlaru (ignore) msidudmfuiledungy (Gather) msdu
yaRefi (StandTalk) wagnsunsios (Fight) Selisruaumanisaifidesuanumuneuniy
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FamgAnssunsindeuiivesnguyanaluimnnisalingg szildegauanidasnimlszneu 3-25
fidetl 1) maduludeiu fe nduyeeraiuiniznguiu W lufiemaderfussenudides
WU MFM, Slduiunans 2) meadlusefufenguyanaisluifungulufismadeiuse
AVIILSIINNEIU MFM,_ Sifingeunn 3) madudimiufienguyanaiduunanauasianig
uEuAuseiamadmiuiiefunduieaniniiioswdsanu MAM, fiduiunats 4) nns
wuliauladufenguuanateniudunateiandlagliaulaiu wiwaw MFM, ddndes 5)
mMsBunanedunguienguyanaduynneiulaeiinsiedeuiidnioswdsau MAM, fd1ios
110 uaz 6) MIvnsesiufonguyanaiiianaimgredmennan mnnwdsau MFM,
HGRGNGR

NANANIU MFM, Svatefanssuveliaguaznalgianssuiiaiios Feay
laansouvsnenanisalld iliagdesdinisfinnsandnuasngfnssuisifusmiuluea
naedouiivesnduyanaifiassydnuusianizveusasiugnisal feduagdesiiliaes
wﬁuqqﬁ'Lﬂuwqaﬂiimamﬂﬂamﬁmimﬁwr'TUIaJLmawé’amu MFM, %qwé’wmﬂﬁé’uﬁuﬁ‘
seau Tagaadundanuanfilnessefugeiiannsautadu 3 vl loun ndanunis
\RouTLUunga (Group Motion Force : GMF) gnldiiteeSuieng@nssuvesfanssuiifing
Lﬂé@uﬁlﬂﬁlﬂﬁuﬁgﬁﬂﬁju denalimdsnuvesfanssuiiiingAnssunaiedeuiifing1n ndsau
GMF fidnge Guagiuauiia) lusasiifanssunuudulidmdanu ovF fiddes diw
wﬁmumim?ﬂlauﬁLLUUiJf]é’mﬁuﬁ‘ (Interaction Motion Force : IMF) gnldifioaiune
wqmﬂiimamﬁmiiuwuﬂgamwuﬁﬂumsf[,uﬂaumammimaaumﬁmmﬂu ﬁlmﬂwﬂf\miim
manfoufidnuusiiiimds IMF gs (GU“IJ@EJﬂUﬂ’J’mLi’J) mumﬂiiwumimaaumwu
Fuazildndaenu MEM, s wagndsunisiedeuinuudunduiiuil (Reciprocal Motion
Force : RMF) fignliitossunsammmuuiuvesngunisiadouiilufianssutiug dfonssudid
msindouiivesnguliaifiegintutiosaziidiwdsny RMF 110 usimsndeunidnguves
naullaifieginfuninasiamdsau RMF toe

Wludery Aelubhefy wlaiaulady
Lol <
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- s —
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“
wudntuiedungy Bunwerydundy

u

.

2 2t
y ——
R

AMUTENBY 3-25 fBgnginssunisiafeunvaInguuanalufanssusnee

Mo



52

Fenssmnndseusis 3 oia T wdsunsiAdouiinuungy (Group
Motion Force : GMF) azaBunsluiadio A wdsunisindoufiuuuufdusius (nteraction
Motion Force : IMF) agadusluiate B. uaswdanunisiadeufiuuudiunduiiud
(Reciprocal Motion Force : RMF) agaduigluiide C. auasiu

A. WAUNSLARBUNLULUNINGY (Group Motion Force : GMF)

Fofinsanilaesvesyanalusziugs ngAnssunisindeuiivesyanaazgn
thanlflunsairndanu dvduutsennginssuvesyana Welvamnsossyanssuves
nauyanaldinnTy wEuMsedeuiuuudl 1 fe wdsuninadeufiuuuiangy (Group
Motion Force : GMF) fluansfianniinssuvasnguyaaaiedeululufimnadentuianduni
amiUsznoudt 3-26 1éuA Aanssunmaiudungy (WalkinGroup) uagAanssunisiadungy
(RuninGroup) GMF Qﬂﬁ%”]ﬂﬁfULﬁaLLﬂﬂﬁaﬂiiméﬂ’qﬂa"mmﬁf\miiumi@ulajau%ffu (ignore)
NS (Gather) Nswnsiae (Fight) iagnsgunareiu (StandTalk)

Haymafeaaiy

wiulumaiuy Felushofiu

AMUIENDU 3-26 LanananssuvaInguuaraiinisiaeuntlulufianafeaiu Ao Aanssy
nsiulumeiutazAianssunsielumeiu

GMF uailaannisldaunawmes £ ildainaunis 3.18 Mdun1sviyud
~ Lo I oAa o o & ] a A ¢
\Ueaiuu (Angle of Deviation) vasladlungu Nilanuduiusseninauiileauuvadlngd
wazAn f; udinsivesnindsznoun 3-27 dude drfianisvesivailunquaiulngd
Aemslulumaifeaiu yundessuuvedliadsninanasiadilng 0 Wesainlifininy
wansingvasiian1slungy avvibildeunawmes fi7flA1a9 (91104 1) wagaiuisadiuiu
WF1U GMF IalaeA w1 AUngsunsUSFuRUSWUUSEAUMTNG1 AT MINaNNIT
3.19 WAZNENIU GMF AIlA9zuanIfiag1eiinImussnou 3-28 Wenmusznau 3-28a viu
a a & v 2 v % a a g '
Aanssumadudungualennuiiives wazamusenay 3-28b WuAanssunisiadungy
ABANSININ WA GMF 90e%s 2 ian1saldazfiAtunudnisiadunguasdand
wnnmadudungy Weswinanuiiveansislamun Tuvaeing iy GMF vesfanssy



53

[y

auq Ae Aanssunisiduldawladu madudmdu nsensey wagn1sBunnneiu i
Woy uazAMUTENBUN 3-29 WAAINUATNNTLUIUATIAIIN GMF

f
1

0.5

0 : : : yuidesuuvesiiad

0 50 100 150

AMUsENDU 3-27 N3muanInNduiusvesuidesuuadnadiue £

K nYx2—(¥x)> (3.18)
ke /—_
fildx,y) =e -y

IFy, = fi(u,x,y) MFMy (3.19)
e x A Yuvewsalvlad uag n fie I1wiulnad

(a) (b)

NMUTENY 3-28 WARINAIU GMF GMF fiAngedienguunnaiaiiouiinienusunuay
A i a a v a a [ !
indeunluiAmanediu (a) Aanssunisidudungy (WalkinGroup)
(b) Avnssunis3adungs (RuninGroup)



MNDUNANAINALI
pondnealnal

>
l
4

54

U FUNUINIALlA9)

nyadeulvlainegseude

AsatAly

AFIVADUA NS

udeyaiiemdlunnnes

A 4

iy /anZ—(fo
fi@xy) =e ey

‘ IFyy = fi(,x,y) MFM,r
\ie x An yuvaalnad

X=X+g, Y=y +8

g AD YUIAN3IA

MNUTZNDU 3-29 ANTIUNTEUIUNTAIUIUNSNIU GMF




55

B. wasumMsfauikuuiivdunusaielungu (Interaction Motion Force : IMF)

(% (3

WEIUNTIATUNNUUT 2 Ao wdsaunisindouikuuiufduius
(Interaction Motion Force : IMF) fiuanswa@nssumelunguinisindouiiuazjauiusiu
W yanalunguindeudidmiulufiemanssiudoa uandunindszney 3-30 IMF gnadn
FuieituianssuiidngRnssusenan Wiun msendes (Fight) wagnsiiudniu (Gather)
ngRnsaufinduyarait Auisuussdenasior W IMF funndy itefiazanunsouen
409A9nI5URINE199n Aanssumsiiulugieiu (WalkinGroup) Aanssunisiabldaedu

(RuninGroup) mMssiulsiaulaiu (Ignore) warn1stuynneiu (StandTalk)

wnsveiu wumfunedungsl

-

e % 8 D .

MFM,
0

a7
AMUsENBU 3-30 Lanananssuvanguuananiinisindeunlulufiananssiuiny e
nanssusnFsiukaziINTTUALL I AU UNaY

lngnsanuaawmes £ 9nyuiideauu (Angle of Deviation) va9
Iad uames foidudunduresaunisunames £, AMuiadlaainannis 3.20 ANaY
o 13 < I Ao [ av o 6 [y o av v I
IMF fnadlaannaunis 3.21 WuaiAiwinainndinunsufduiusiuussaua filanan
WLA7 wazA f Wufinsvuesanusznaud 3-31 WuRe driiemsvedlrlalungudiulng
aa v v A a ¢ i ~N v v o I s
fAnensaiudny yuidsavuvednaidainanaziinndilng 180 azvilvlaaunanes f
dA1ae (1lng 1) wasndeu IMF - Aldvsuansfiegnefinindseney 3-32 Lie
amUsznau 3-32a WuAanssumsiudivmiuiiedungumeninusites waznmlsznay
3-32b 1Jufanssun1snaeeAulaedin153 94019 AUMBAINLEININ WU IMF 90999 2
mpN1sallazAuInuanIsINsRefuzlAINNINNIINI TR IMINUNEIUNUL TR N
ANUSweINTIsilenaeeiinun Turae Andae1u IMF ¥99Ranssudus) fie AanTsunIsAY
Luseiu Aanssunsislusmeiu nsiduldauladiu uasnsBunnneiu asldtes way
dl I3 5 °
ANUTENOUN 3-33 Uuanlna it SNAINTINTOINTEUIUNITAIUIN IMF



56

0 , | : | yuidoauuvestviad
0 50 100 150 200

AmMUsENaU 3-31 nemuansnNduiusvesuidesuuadnaiiuen £

k, an(Z—(Z)x)2 (3.20)
— -1
fz(u,x,y)=e e

IFy, = fo,(U,x,y) MFM,r (3.21)

= = ] ¢ N ° ¢
e x fip yuvadwsazlnad way n fie I1uaula’d

(a) (b)

AMUTENDU 3-32 UARITEAUNGIY IMF &9 IMF Segadonguyanadufduiusiuiienig
ASINUTINANIN (3) MR (Gather) (b) MsTnmDe (Fight)



MNDUNANAINALIE
pondnealnal

4

57

U FUNUINIALlA9)

nyadeulvlainegseude

AsatAly

AFIVADUA NS

udeyaiiemdlunnnes

A 4

k /anZ—(fo
L@ xy)=e N "7

‘ IFy; = fo(t, x,y) MFM,1
\ie x An yuvaalnad

X=X+g, Y=y +8

g AD YUIAN3IA

ANUTZNDU 3-33 ANTIUNTTUIUNTANUIUWANU IMF




58
C. Wassudunauiiudl (Reciprocal Motion Force : RMF)

wF1unsiedeuiiuuud 3 fe wdsnunisiadoufiuuudrunduilud
(Reciprocal Motion Force : RMF) wainafiadiunduvasanuvuikuulungueasuainguynng
M'%‘aﬁauaé’wawmdvﬂaﬂuﬂéudae 1%’Lﬁ@1ﬁmflwmmmﬂduUﬂﬂa‘LumW'j’]Lﬂquaﬂﬁu
NS AULUULAEILAY 1/1mmwamuLaﬂmluumiﬂgauwuﬁﬂuwau lawa Avanssunissaula
aulaifu (gnore) munmdseneu 3-34 ileldunisuenianssuiiesnain Aanssunisiuly
pwiu (WalkinGroup) Aanssunsiludeiu (RuninGroup) N159¥na®Y (Fight) N13LAULT
11U (Gather) Wagn1s8unaneiy (StandTalk)

wulsiaulaiu

h
MFM,
P a—

(/ i
MFM, \MEM;
—

“ w
AMUIENDU 3-34 LARIAINTINVINAUUARATIINITHUMUULRE LAz TiAN 1l tueu Ao
Aanssunsiuldaulaniu

lngAwuaudawmes f; andwuvedtiatlungudanialaainaunis

3.22 AW RMF Awaadlsiainaunis 3.23 umidmuaminnassunisufduiusuuy

v o Ay Y ! o @ = = P
FEAUATLANATININGT uazAT f; Hanuwagdans nveanmusenaudl 3-35 nandfie 61911
yosladlunquilates f; asfidnunn esainfanssunisiiuldawladuazifunisidunis

z:l' a ! t:l' s a 1 v < [ ::l'
AdoufvoskAazuAAaLUULAET Iadilin1gnguiulvuiadn fanindsenaui 3-36
Tuvaugnanssudug loun Aanssunsiaulumieiu Aanssunisislumenu nsvnses n1s
WAy waznstunaneiu Waiiingnquiuasivualvgiadu vlananssudue f
a1 v a I3 3 °
fAtioy warnMUsENau 3-37 LandlnaivIsNAIMTINYBINTEUILUNITAILIN RMF

f3

0.5

0 - | | )

1 11 21

AmUsEney 3-35 nsmlianianuduiusvesinnulnaltlunqudssivAimasu f
fs(@,x,y) = ek (3.22)



59

F1 N fio Iwauvestnatlunquessiinssarenasnuludganaulatiug

IF,, = f3(W,x,y) (3.23)

MFM,,

(b)

ANUTZNBY 3-36 ATNEIIU RMF 9asfanssunisinuluuliauladiu (ignore) §s RMF fian
gullednnulnallunquessiianioy



MNDUNANAINALI
pondnealnal

60

>
l
4

U FUNUINIALlA9)

nyadeulvlainegseude

AFIVADUA NS
AsatAly

udeyaiiemdlunnnes

A 4

fi(@,x,y) = e~
_LGxy)
IFys = MFM,;

\ie x An yuvaalnad

X=X+g, Y=y +8

g AD YUIAN3IA

ANUIZNDU 3-37 AMNTIUNTTUIUNTAIUIUNWANIU RMF




61

soluiandunsesuedanesiud 2 dmsundenuujduiusiuseduasdmiunissi
NINTTUVRINGUUARATIUIU 6 NINTTH

1. @UTULFAANTN AUIMHNATINNAI U LIUAY MFM, ;

2. dmiuwsiazganin mndnnuveslilaiseugaiialafifiszezvinesouing 30 finwa
11U N M

k anZ—(Zx)2
ks ,7_
2.1 mmmLW\IﬂLmaimimaaumwumﬂau fid,x,y)=e oy

2.2 mmmwamumiLﬂaaumwumﬂau IFy; = fi(d,x,y) MFM,;

K, ny x%2—-(¥x)
2.3 Aunnulameimsiedoufinuuiufduniusiu £, x,y) =e ¥ "7V
2.4 AUNUNGINUNSAABUALUUTINSUREUNUSAY [Fy, = (1, x,y) MFM, 1

2.5 ﬁmamm\lﬂLﬁ@%ﬂmﬂﬁauﬂLLUUﬁ"Juﬂé'Uﬁuﬁ f:(d,x,y) = e k(M)

_ @xy)

2.6 ﬂ']L!’JﬂJ‘WﬁN'TL!ﬂWiLﬂﬁ@UV]LLUUﬁ'J‘Lmﬁ‘UW‘L!‘Vl [Fys = Y
LT

3, Mé’ﬂﬁﬂﬂ%ﬂﬂﬂ%@ﬂﬂﬁmim’ntﬁa

3.1 Lﬂumwaqmummam [Fyy; 377U 64 Aseivlsu Tunnises A

3.2 mumwaqmumﬂwa@ [Fyy, 971U 64 Ardelsu luinines B

3.3 mumwaqmumﬂwq@ [Fyy 37w 64 Asawsy Tunnmes C

3.4 1A lunmes A, B way C wwaiudu 192 Aseawlsy LﬁaLfJuauwmﬁumﬁaiau
Wnsn

3.4 W9INA1U

dmfunisUatianssunis 6 wafina1nan ideaslifaseudniisn (Neural
Network) sfialudanth (Feed Forward) wunn 10 Sugouiioifouddouadunniidnums
faes 3 vlngnAndonunannndanul fEuusseduas GMF IMF uaz RMF 1ileaainusiay
laoilannsausnianssulduanmsty lnesvhnisssfieeiiomadmiududmane
(Target) Tunsuenfanssudsnmysenay 3-38

Hidden

cart Jgit e

AMUIENBU 3-38 NSrUIUNMTIEUFMeTITawlniin




62

adsznau 3-39 uandliiiunmdasduremdsnuianuuuuluusag
Aanssu JausazAanssuusznaumessdundsnuuiazsiafuandreiy 1wy Aanssuiingy
yanawedouiilulufianafenfuiangy 1wy Aanssunisdudundy (WalkinGroup) wag
Aonssumsiadungy (RuninGroup) AMA&IL GMF fidgs Tuvgiindaanu IMF uaz
W&y RVF fendfes uimsiadunguazdamdsam GMF figininsidudunguiieanin
msAdanuSafiunniwilingsnugs dmiuianssumaiudimiu (Gathen) wagnisun
may (Fight) Lﬂuﬁf\]ﬂiiuﬁﬂduqﬂﬂalﬁuﬁaéqLsi’hmﬁusl,w%nmﬁ?u W& GMF 2ziA1U1u
nans AU IMF 9zdiangs Tuvaifindsnu RMF fiaen winisvndesiinisiadeuiiiioaydl
ANEIY N8 GMF wagwdsan IMF figaninfanssumsifiudimdu dwfanssunns
wuwuuldaulaniu (Ignore) LwiavmﬂaLﬂﬁauﬁmm?{sﬂuﬁmmqLLiumauwé’wu RMF 311
a9 luvasindsanu GMF  uagwdsow IMF - e TuAenssugavienisdunanodu
(StandTal )VliJWi]Gm’iiiJ“UENﬂﬁllUﬂﬂaEJ‘IJW@@‘EJﬂULLaJZJEJUGDLaﬂ‘HE]EJ Filwdsemeana
wiin GMF IMF Uag RMF f@161

n¥srUfduiusvesilaefianuriafina1nun asduldlunindoudde
fsoudnidindensivuninesvemdanuisasie 1AELEDNANAIUGIAVD I
azndau 64 Ansesseiulunnnesilu 192 Asewsy agldduneliiuiasowdnisn
192 Fuaziowinaidu 6 (6 Aanssw) MnNnTMRRDITILILBAMUALEEITTILL 10 Trun T
NANSVAABUNTSSIT 6 Avnssuasnanadiuund 4 hde 4.4 dely

Group Motion Force
GMF

eraction Motion Force
IMF

Reciprocal Motion Force Reciprocal Motion Force
RME RMF

nswhudungu (WalkInGroup) NMLAUTINNAU (Gather)

action Motion Force
IME

Reciprocal Motion Force
RMF

ms3adungu (RuninGroup) nsvneey (Fight)




63

Group Motion Force Interaction Motion Force Group Motion Force
GMF IMF GMF

iteraction Motion Force
IME

nssiulaiaulaniu (gnore) n1s8unaRuriu (StandTalk)

AMUTENRY 3-39 dnsaveandinuUiuiusseauas GMF IMF uay RMF Tduiusiu
dwsu 6 Aanssu: nmaauldaulaniu (Ignore) MatAumY (Gather) n1sansine (Fight)
nsdunnAeiiu (StandTalk) nsidudungy (WalkinGroup)

a |
wagn19Idungu (RuninGroup)

3.5 a3

Tuuniidunisinauelunanisu fiuiusssvinanguyana deluing
waauluiuusi (Momentum Force Model : MFM) daduluinanisindouiiveanguyana
Tusgumiizondn lumandsanlaiuuduseiusm (Low-Level Momentum Force Model :
MFM,) Mszgndldoondinoalnaiiiaef dnanlumalilindanulunmdy uastihimwdanud
IfnulamuminaiiednduindumanisaleslseiBnamsaleas daluaa MFM, as
annsathumaaeunInTadunginssuiinundvidemnnisaRandlugsvussiuuiunansld
warBnita Taa MPM, deanunsonradunginssusndeslunguyaaaldlnensdossiuine
wFuTAuuNAmesnIsINAefiauIsaLenAInssusnaeseenaInfanssuduald
uananil nssuunAanssuinduqlunguyaeaamuisarildiduiulasasfessiuine
Wa99UN1SUHAUWUS MFM, a?"mh"‘uimma MFM,, Baifundeauufduiuslusedugs
Usgnoume waﬂmumsma@umwﬂau (Group Motion Force : GMF) mWLﬁaa'ﬁma
nofnssuvoshansauiifiniaiedeufilufreduindy, ndaumandouiivuulfduiug
(Interaction Motion Force : IMF) gﬂiﬁmwaaﬁmawq@mimma\mﬂﬂﬁmwmﬂgau‘wuﬁﬂu
anglunguuuuiianansetudin uagndssunisiadouiiuuudiundu (Recprocal Motion
Force : RMF) fignlfifloosuismnumutiuvesnguyaaa Nt thndanunsadouiiv
ainsnFeuifeihseudndsn fannsaduunmnianssy Wun nnsvnsies (Fight) nns
Felusneiu (RuninGroup) msaulugeiu (WalkinGroup) nswiulsiawladu (ignore) n1s
WU smnguiu (Gather) wagnsgunarelungu (StandTalk) Han1svegeuaznaisly
unil 4 sioly



64

WNaN1INAdaau

Tuunithiaueranismeasudaneifiuluinandseulusmdu (Momentum
Force Model : MFM) seyadoyadalofiduunsgiu dmiunsmaaeungingsue
AnUnAvestsvunaznauyana yadeyaiflesnnsgruiiumesaoy leud yadeyainle UMN
Dataset NUS-HGA Dataset Wag BEHAVE Dataset 49za5uiesieazidonluiited 4.1 na
MsmsedungAnssuvesirutaznauyanauuslaidu 3 shde laud mInsadungingsud
Anundvesgsrudeazlflunandany MM Faduiiaeslussiudn nsaadunginssud
AnunfussLimiluaniudsazesuisneasideananisaaeuluinded 4.2 mansaduns
ynsoslunguyanalaeliling MFM saufuilaesmsvndosdaduiiaeslussfugaazesue
swaziBananisvaaouluiite 4.3 uaznanisvaaoun1siiRInsINveINguyanadily
Tuina IF, Sawfuilaefluseiugs 3 viinazeduiesvazidonluihied 4.4

4.1 yadayainlenlinagau

m%amamwmlwumﬂmwa’;Lmﬂqummimaqquu,a LNRUYAAALY
aeoufiuneitu Iignitmutudugndeyanuuasise uas Limlmummmﬂmmmu
Tunguaddesunesfinme sifuiitens uausseuvinmesum Aideiiuandaiu 1iesain
fAdefifsuuannluannd farumeneuiesginginssuludafontu witin1sided
AR anansaiaunldesadudase wu wmediansinsest mauieudisuiuitnig
19 woryadoyainlefuguiiautuesfiidnsusanizresmuias yiliendniunis
UszilluwanazmsdToudisuamadsluamunaniiiessinginssuyaea deluanunegionli
suAtedudiseluldesnsiiussavsam dlimnusudufesdunanesusmsuluns
Ussdiumsliesginginssunguyaea Seldfimsiannyndeyaiflofiduunsgiuiumn u
faitUsnauios dafunndenyedeyaunsgruiivanzauandulsslovidenisusziduna
wazn1sUssuisuuseansnmduisnisdus lnaanizegradalusenndiadunienis
AATILRYARAUUUNGN N5LRBNYATDYARINAIINaRBN1INIT1TLADVRlAaNTT
wdoudl ileanantadumelumnile Wy S1uiuyana AMLYTUTILTBIANLVULLY
yosyARaluNgY AN TiAdeuTiveILfazyARa YALBIYDINEDIIALe LaTAN LAY
Tuaniufivesnwiale danAdeiidonldunyaiflonnsgiu UMN Dataset dmsuiiasgs
noAnssuALAAUNAvesTY wazeSureTaBunvasyadoyainletluiaded 4.1.1
dmfunsiaginginssumsendesiarnsiiiAanssuvesnguyanasidsiionldyn



65

{oyaiilo NUS-HGA Dataset uay BEHAVE Dataset #aazasueluvindedl 4.1.2 uay 4.1.3
AUEIRNY

4.1.1 yndayadnle UMN Dataset

v
av a a

MATelUTEliulsEanSnIMBIdanaiiiu AI8N130IINTUNGANITUAIN

¥ £

AaUn@veavulagliyndoyainle UMN Dataset Nignmunlagnguidenisnsidasy

Y

nafnssuuyed 1asensidelymyiussfvg usuduaznisuowiu 11A3¥13ne1n13

e

a v a

ABNTILABSHAYIAINTTY unTIneaeulillyni ansgowsni s‘fmmﬁﬁiaﬁiﬁﬂmmﬂummgm
ioivutininlunisiiesgsnginssudesu Faledusznoude 11 99iRle wuiamy
ALLBEANTIN 320X 240 WNWATIWIY 7,739 WiTH waztwsutse 30 wisusradund wiadu 3 %0
p3 3 anufiuanansfunialuenasuasildauds Tnsusazdflousznouseyaaaiiuinniy
10 au luAdleyadl 1 Uszneuseifledesdnnu 2 mmnisal Saduvnnsaldiraosgsvuiu
Tanluawuvgvdefldsudslureunansiufifluaasveseuintunassian Wlewnd 2
Usznausnuirlegosdiuou 8 nnsal Sadummmsaifidsvudulvalueiamsiduasios
saaiszguineeneans dedimslindszpaesshliadluonmsinsdeustas amidle
fuasosuazroutiln hlndidevesyarausaulunmnaundufuusnuiundsludud
fin dwAdlefl 3 Uszneuseinledesduu 3 mgnsaiadumgnisalidauiuluuiina
maduilasdadutanafuasnniiliiinvesawiatu swasdeannnisalluiile
Swusnenguyanatdulvandq lufiensitliviuou Famnseuindumanisaiundd
uanasegndlunmdsznaud 4-1a LLawé’qmﬂﬁjﬂm}Nﬁwwaﬁﬁia%Lﬁmmamizﬁﬂmﬂﬂa
uanfiukaidlugefionafentu viewnnmatufeaungeduuuiuivula fuans
fegndlunmusznaudl 4-1b

Y




66

(a) (b)
AMUTENRY 4-1 LanIag19veedsle UMN Usenaumeanuanui a) lusnisaliund
b) umansalnguuaraswiidanineund

dmsustegnunnnisalvesudasynInloaunsokansladan nysenay 4-(2-
a) GapmannidueAdled 1 2 wag 3 auadu Mwdszneu 4-2 wanuvanisaivesinleyad
1 Uszneuse 2 wansal luthasuiiunfuagiiound lurasusnvesiflevsidungfnssu
fund nguyaealduluinazunusens e nsdilonsndns i dududiler dniludas
vihevesialoaztdumgmsalfnundunudensmveasyialonsndnsiiduduns
nofAnssufiRaunfvossrumand fo nsimiluauasfirasnisdnuusifeatuisaes
WRNI3al

0 100 200 300 400 500 600

s al
L“VIG!ﬂ’]iilWl 1

0 100 200 300 400 500 600 700 800

6
WAN130iN 2
AMUTENBY 4-2 UansiIag19vesyndnleyai 1 ¥es UMN Dataset MUsznause 2
WANTSal LaguanansIaniseumsuiunfuasiaunAvesudazmansal




67

amUszneu 43 fe dregnumwivgnsafluyaidledl 2 Usznaude 8
mansaidumamsailuems uaznsmiansnsnsngveasuamiunagadudunsma
Fouwazignisaliaunfunusodunsnduns snvaznginssufiiaund e nnsiewd
unniudausiazyniflovgineiamalmiflulufiemadotu Wy Jmdlunsde 9 vy
19 uazmeiminszaeiulumarefianig

e
PURNTTEUN 6




68

WHN150IN 8
ANUTENBU 4-3 WAAIFIDEVRIYAIALEYAT 2 Yad UMN Dataset NiUsznaume 6
WANT] WATRAMINTIIANNSEUMsUNUN ALasRaUNRveIusasinN1sal

amuszneu 44 Hunmanyaifled 3 Useneuse 3 wnnisalfiag

L y& ¢ a v s A a aa ] ¢
Meuene1s Frrulumanisalnunfununiensinnsiansiiludided daumvanisali
AnUnAlutUateveinleninanwmiluluiinefeniu wagnszateiunnniaunueie
nsminsrngiduduns

0 100 200 300 400 500 600

¢l
bVGINTTEUN 9

0 100 200 300 400 500 600

w3l 10




69

0 100 200 300 400 500 600 700 800

WAN0IN 11
AMUIENDU 4-4 LARIFIBENIVDIYAIALEYAT 3 U89 UMN Dataset NiUsenaume 6
WANT] kaERAMINTIIANINTEUNsITIUNALasaUNRvasuiazvAnITal

4.1.2 yadayadnle NUS-HGA Dataset

yadoyaiilefanssunguyana NUSHGA Dataset Idgnimuidulae
aalydmnssudiannsefinduazaouiiines un1ine1deuwrsyiddanlus  (National
University of Singapore) ¥nn1sdufinandleluusinniinensaueneinissiendes
Panasonic-NV-DX100EN fiflinsuisn 25 isuseduniivuin 720x576 finga fignfind
wazguifielilsvuinauiimnzanlunsinaauuagnisnsraduszuy Aanssuvesyadoya
nleUsenaunie 6 AanssunkanslunInysenau 4-5 laun 1) ﬂ’]iLaUL‘fJUﬂa'iJ
(WalkinGroup) :uaﬂwmqumﬂiswmmummmuﬂamlﬂiuwmwmmﬂu Fausazimadudl
MANIINITAUVDIWINFUAGU 2) mimﬂuﬂau (RuninGroup) wqmﬂﬁmmﬂammﬂiﬂu
fiamafentu Fafimnenisistinguuandsiuluiluudaseady 3) nisturefuiunga
(StandTalk) nauAuBufudunguuaswaaeiulasfinsiedeulninmevesnguyanaliiuin
tin 4) MaiAud iy (Gather) TdnwaignisiAuvesnguyaaaaingaisusuiliviuouud
Futmndudiedungy 5) madultiaulafulgnore) ludnunrngAnssuvosnguyanaiiu
ﬂizmaﬁ’umﬂqmLéuﬁuﬁlﬁLLu'uaul‘Ué’qﬁmmwawquﬁhjLﬁﬂiﬁﬁ"@qﬁuqﬂﬂaguﬁﬁgﬂlﬁumu
funazlifinnsaiutu uaz 6) msvnsies (Fight) Tdnuangiinssunisundesyanadudie
msimsdlussypaadundirosuariot Sendayaiilevis 6 Aanssu 51w 476 s18n13
wislendu madudungy 94 3l mAadungu 65 3ile mstuneiudungy 88 3le s
Wiy 86 3dle nsiauliaulaiu 69 3dle uaznisunsies 74 FAle



ms3adungu (Runingroup)

n139Ne9e (Fight)

AMUTENDU 4-5 LaRsIee1 6 NINTIUVDIYATBYAIRLE NUS-HGA Dataset

70

yatoyaimegniiusiusnlu 5 waduvoshanariunndnety udazivaty
azfinguanidriauRanssuuandrsfumudiuaulunguiunndiefiu uazudasisadu
Usznausy 10-20 nsal ndlas 8-16 unit s wAInss 4-8 AU Fanmdsznoud d-
(6-11) Wunmiluansiiogis 6 wanisal loun nsidiudunga (WalkinGroup) nsadu
nau (Runingroup) Nsdunsfuidungy (StandTalk) n1siAuidimiiu (Gather) n1ssaulyl

aulau(ignore) waznisunses (Fight) AuaIAy Jeazuansiiegrauuady 5 wwadu



WATUN 1

LHATUN 2

WHATUN 3

\HATUN 4

\HATUA 5

AMUIENDU -6 UansipgsfanssunsAudungy 5 lwadu
YaayAvayaInle NUS-HGA Dataset

71



WATUN 1

LHATUN 2

WHATUN 3

\HATUN 4

\HATUA 5

AMUsENOU 4-7 uansiegnefanssunsindungu 5 wadu
YaayAvayaInle NUS-HGA Dataset

72



WATUN 1

LHATUN 2

WHATUN 3

\HATUN 4

\HATUA 5

AMUTENDU 4-8 LaneiIeeg9RINTIUNTBUALIU 5 1wadu
Y93YAvaYaIAle NUS-HGA Dataset

73



WATUN 1

LHATUN 2

WHATUN 3

\HATUN 4

\BATUA 5

ANUTLNBU 4-9 LARIRI8819NINTTUNITLAWIIMNNAU 5 LagU
YaayAvayaInle NUS-HGA Dataset

74



WATUN 1

LHATUN 2

WHATUN 3

\HATUN 4

\HATUA 5

AMNUSENBU 4-10 hanasag1enanssunsiiuldaulanu 5 wady
YaayAvayaInle NUS-HGA Dataset

75



WATUN 1

LHATUN 2

WHATUN 3

\HATUN 4

\HATUA 5

ANUSENU 4-11 LARYEIBYNNANTTUNITVINADY 5 LYaTU
Y93YAvaYaIAle NUS-HGA Dataset

76



77
4.1.3 yndayadnla BEHAVE

fausiiiusnaziimsidensiimeinssuanyadoyainlefiunnnaiudy
F1uuann wislsuuyadeyaifleiivsduiudesdiingndngdmiunsuseidunsi
Ufduiuflunginssuseninmansyana lutiszega@udiiiundimsduniideiediu
mMesgiaminlefivainvats lnslanzeg1sBinisnsavingAnssuiiiaundveuyed
AumneveseAnUnfargnimunliluunanutug suAtewmdrifigaseueiie
nydularAamuyarawsdeuliiannzwindenlimnzanduogimnn wu enuiduuas
fios naueuLIsELgnUAts snAfemaniannsaduiunsifednsUszauanudnialunis
Annginginssuamzyaraauiel Fanunsiiinseinginssuvenguyaeadiliiu
fiflnsnntin yateyaifle BEHAVE Dataset [63] Fslsignitanlasumiineidoieinuusss
Ussinmafienuaus deypdeyaimleusznouseile ¢ aaU fanunsaaniiilvanld 19uidle
giaumana WMV auiadseunn 300 wnngludnsuse 25 wlsusedund anuasiden
640x480 finiwa Mdun1sufduiusiuseninanguyanadiuau 2-5 aulunilanguvieans
nauuUfFuiusiu LLﬂawqaﬂﬁmmﬂéwmaW 10 Uszeam lewa 1) nsBudungu
(InGroup) A8 ‘wqmmiuwwmmmmﬂuﬂawluumsmaauwmmm 2) NS
(Approach) fia aeyaransounnInAudmIumenMsiuadeundi 3) nsiudungy
(WalkTogether) Ao wgnisaliinguyaaiduluseiusennuiades 4) msidunuiy
(Meet) LmaaawmamamnmwmulﬂwunuaﬂmﬂamammLiauaa 5) MSLAULENAINU

(Split) ifleaaayaravideniosnnifulsneaninainngusenaniaios 6) maauliaula
fiu (1gnore) 1 HumansaifiypraTisiuaaauiILiusIeaISIes 7) n1stanu (Chase)
A o I a ! Y & Yo . P = ] a
desiyaralungdslamuiumeanuiman 8) madediu (Fight) ilayaraluniangunse
wnnIYnABeiuAIEAISwIN 9) N153elUsaeiu (RunTogether) Woumaalunguisly
AEAUMEAUSININ kagl0) NstiuRnnuiY (Following) LunsiAudaauiuluae

ANUL5IURY F9F0819RANTTUMINAILARAIFININUTLNDU 4-12



78

(dnoiouy)
rEBUNQINRELY
v PR

(yoeoiddy)
MULKLRITLYILLY

(IaUpa50 >jem)
rebunfngieLy

(23W)
MUNMABIELY

(nds)
Emcgcmj?m,_?c

(10u8))

FUC] I FLIELY




79

(9seD)
MLBEIELU

(aysid)
nupeuseLu

(I3Y=60 L uny)
MUBRLYMPLELU

(dumono4)
MLUMLBYYIYIELY

J9la BEHAVE Dataset

¥ aa

AANITIU VNYAUVDUA

10 A

gN

AMNUTZNDU 4-12 LanIAID

Y

9



80
4.2 uanraagaunsaimvnnsalinuniluslsvy

Tusadotaznanaenisirlunandssnuluiuudussdudi (Low-Level
Momentum Force Model : MFM,) snldlunisnsaadunginssudiinunfvessvu Ssaanm
ﬁmjﬂaﬁa‘wqamwﬁ@wuﬁjwﬁéﬁamm?ﬁumwuﬂ Imaﬁﬂquﬂﬂaﬁjqé’wmwm%’smmwu
Wudirilpifenienisindeuiinuuratefianmsefaniaie i %wzﬁmimm@mﬁaﬂﬁ
AaUnFkuuNnsImveasulunwiale logldlunandsany MAM, Lanafandasuveens
Ufdustusiuseninsyanaludsvutagdndumanisaliinunddedunsaloadiimangau il
LNAANEIU MEM, snsdildasuneluunit 3 namsvaaeuasnsaesuieldsssolus

4.2.1 wan1magaunsaliuansalinunilulsvudeyadayaifile UMN

innedeulinangsy MAM, Tagdgadeyaiale UMN Lielvlaen
WS MFM, nansdisuss jduiusvasyasulunnsy didelanaaeuynyainlouay
o | ¢ o I a at ~ ¢
LLammaEmLmﬂﬁmmmwﬂizﬂau 4-(13-15) LUumaﬂ’limmaamawm’mlaw 1 WARNTSEUN
1 g9 nndsenau 4-13 LLamﬁ’JEJEJ'N“ZJENLWiﬂJﬁL‘ﬁumi{]ﬂﬁﬂjﬂﬂa NMNWUSENBU 4-13a Lang
A0 19N MBUNATIALD NNUTENBU 4-13b KAAIFAIBENAINNTATILARAILINADINITLARDUT
VBINGUUARA UazANUTENBU 4-13C AD LLmumWWé’NmImmuﬁuiuﬂdmuﬂﬂa Azuiuledn
ﬂ&jmqﬂﬂaLaulﬂmé”wmm%ﬁﬂ6] Mlraun nnauiatesuindaduskuninazidudi
a aa a X | ) | P faa axt &
RuuazdWgnnndu drunmusenay 4-14 uanaiiegunniildungnisalndaunadadu
Y1UagvesInle NMNUTENBY 4-1da LaniIog 1A MBUNAIALe NNUTENDU 4-14b LA
AIBENINNIANUAARINADTNITATOUNVRINGUYARR NINUTENBY 4-14C AB WHUNTN
[ A o fala ad & a a = LY} Ly}
WA MFM_ Wlafiwanisaiiiaunanidunisianiluanfunuungiuiulilunainvane
AFNIUANTUMIIAIULIINUINTY DZFULFIN WHUNNNAI UL AN TN UN N TFUA
Lﬁm%"umw%L’JmﬁﬁﬂuﬁwmumﬂmﬁauﬂﬁaammL%qq AMNUTENBU 4-15 ABNSINWLEAAINE
nsnagauliag MFM, meyadayainte UMN ¥l 1 mgn1seiil 1 iedunsivddiitu fe
A a | P a & & P N & | & A
ANTININAIgAR I TN LAUNIINELAIRBNTIIANTLALIdUNTINADEIRRA NN Salaan LD
MuualiAnasuleaeglugig 0-255 Hrasunuveddnlavsimasnunianioy soun
Tugreniivsnmsaliaun@inTu N5 mazisuauilienguausivn ARAEUgwaL L
ADYANANIDNGUALIIURIVBUNNLALDBNIINITY



ANBUNA
(@)

frame

AINANIA

34

103

157

218

383

463

AMUIENDU 4-13 Namsaaeuliaa MFM, seyatayaisle UMN a7 1 man1sali 1

diodumnnisaliung

WAUNTWNEI9IY

(c)




82

ANBUNA
(@

frame

AINANSA
(b)

502

512

543

normal Crowd Activi

551

561

notmal Crowd Activi

572

AmUsEnev 4-14 wammedeuling MFM, meyadeayadnle UMN ¥ail 1 1wsnisali 1

mm\ﬂ Crowd Activi

nomal Crowd Activt
O o't

a4 sala a
Wallumansunnaung

LAUNINNAIU
(c)




83

300 A
250 = Aunniigareinsy
200 = n9196n3

150 wsdlean

100

50

O I 1 1 1 T 1
0 100 200 300 400 500 600

AMUsENaU 4-15 NS muanIRansnaaeuling MFM, meyadeyainle UMN yadl 1
wAMsaiN 1 WeldunsndinRufedfunnfianseinsy dunsmidunseiansiamg
wazldunTNAdeIRemwmsalaan

AmUTZNBY 4-(16-18) WansiIBINANITNAADUYDIYRIALET 1 AN15alT
2 laefl mmszneu 4-16 LLaméf’JaEJNGU@QLV\IimﬁLi‘Jmmmiaiﬂﬂa nwusenau 4-16a 9
Hunmdummile nwdszneu 4-16b uansioganmniafiuanaanineinisiadeuiives
NAUUAAR WAZNINUIZNBU 4-16C FID WHUAWNANIY MPM, aziiuladnnguyanatiulun
v lFununmndsuindnuiitesddusnuniwazifudnSusazdidonia iy
amUsEneu 417  wansfegannildumanisaifiiaunadadudiesuaevesinle
AMUTENDY 4-17a uansiIoganmdunninle amdsznou d-17b uamniadiuans
nnwmeinsiAdeuiivanguyana AMMUTENBY 4-17C Ao LNUNMNETIIU MFM, Liled
mammﬂﬁﬂmﬂﬂaﬁLﬁumﬁwﬁumauLLUUﬂzﬁuﬁulﬂiuwmﬂwmaﬁﬁmqLﬁ@‘*‘fuﬁw
Araafiunntiu asdiuldd wuammdsnuasdigedaununinasifunaiatunsauiind
fiaudnaunniadeuiisiennuiy fmuszney 4-18 Aensuaninanisnaaouluiag
MFM, Freyndoyaifle UMN gadl 1 wnnisaid 2 iWledunsisiddidufiosiiuniiaase
s EunTmiauasiensndmsuazidunswdidefedunsalead Wodmunliandsau
Tunaeglutis 0-255 Hraduduredinleasilimdsnudisiaios doutluriefisivgnisel
AnunAintunsivazdugeluilonduaudifmuiedmdnugs warasAes anauilanguauy
J9ufsveunniazeanININTY



ANBUNA
(@)

frame

AINANSA
(b)

WAUNTWNEI9IY

94

179

288

383

480

551

............

(c)

AMUIENDU 4-16 Namsnaaeuliaa MFM, aieyatayaisle UMN e 1 iman1salii 2

dioumanisaliung



85

g ANBUNA AINN3IA WHUNHNGIY
©
= (a) (b) ()
O -
0
Ne)
~—
O\ .
Ne) ; - g
o ' ”
~ = +
NS S y
notmal Crowd Activi 2
K g 2 ;
e} ; R (s
~—
~ . -
normal Crowd Activi mosmal Ceawd Activi . ,’ .
7o) { voe
N
~ { .
normal Crowd Activi wowmal Crawd Activi . y .
o
N
N~

AmUsEneu 4-17 wanmegeuliing MFM, meyadayainle UMN 4a9l 1 11gn1sali 2
dioluwmgnisainieund



86

300

250 ANINVIEARDLNTY

— NINIANI
200 9

wsdlean
150

100

50

o 1 1 1
0 200 400 600 800
AMUsENaU 4-18 NS MuARIHANTTNAFBUlIA MFM, meyateyainle UMN adl 1
WANIaiN 2 WeldunsndnRufedunnfansdeinsy dunsmidunseiansiang
wazldunINAdeIReAwsalaan

AmUTZNBY 4-(19-21) WansiIBYINANINARBUYDIYIALET 2 AN1TAlT
1 Faduvinaluomsivszgegiuing lnefiamuszney 4-19 uanwnegsueansudi iy
WANalund AmUszneu 4-19a azilunmBunaifle nMUsENoU 4-19b uanefiaeg
AmnIalanInNmesMTIARBUTIvINgNY ARG LAZNNUTZNBY 4-19C FD UHLATHNGY
MFM, 9% muimmamumamuiﬂmmq wagnguauidugeiu sivliununnndasud
nFauiitosdsluununmasduiiitusasiiBonintu nmusznay 4-20 Hunisuans
maEmmwwLiJumamimwmmUﬂmmLﬂmmmaﬁuammia AMUIENOU 4-20a AziTunn
Sunnidle nmmUsznou 4-20b LJuniwnIadiuanainimesnisiadeuiiveanguynna
AMUIENOU 4-20 Fio WNunWNEaY MFM, Wefivnnisalifinunddidunisimiunniiy
wuungiuulUTumannvanefismafatuseamnsifiuinty asfuldi uuamndsey
wdidgedannunnazddunindunssuinaiiaudiuiunnindouiidasainusi
Amsgneu 4-21 Aennuanuanisnaaeuluina MFM, fegadeyaile UMN yadi 2
wannsaidl 1 aidunsmaiiufemiiuniigadewlsy unswduasiensdnguay
Funswidderfeansalead Wesmuslidmdsnulinasglusie 0255 Fra5uduves
Alovedamdanuiifiaosdemnlutisiifivenisaiiaunfistunsinas Sugeatudondy
AuFIAIURANdsugs wazavAesanauienguaisauiievouninuazeenatnuisy



87

ANBUNA
(@)

frame

30

120

174

201

214

238

AINANIA
(b)

diodumnnisaliung

‘ .
' -

WAUNTWNEI9IY

AMUIENDU 4-19 Namsaaeuliaa MFM, sieyntayaiale UMN Ya7 2 iman1saii 1



88

ANBUNA
(@)

frame

326

330

338

357

388

397

AMUIENDU 4-20 Nansaaeuliuaa MFM, seyntayaiste UMN Ya7 2 iman1saii 1

AINANIA
(b)

a4 sala a
Waduman1savnaung

WAUNTWNEI9IY




89

300 A

250 = Awnfigasawisy

200 - NINANG

wsdlean
150 -

100

0 T
0 100 200 300 400 500

AMUsENBU 4-21 NS MUARIHANTNAFBUlAG MFM, meyavayainle UMN i 2
WANIaiN 1 WeldunsndnRufedunnfianseinsy dunsmidunseiansiamg
wazldunTNAdeIRemwmsalaan

AMUTENBY 44(22-24) WansiIBYINANINARBUYDIYIALET 2 AN1TAlT
2 lnginmuszney 4-22 meé'haEJNGUENLV\IiuﬁLﬂuLmﬂﬁaiUﬂa nMwUsenau 4-22a 9
Hunmdunmiale nmuszneu 4-22b Wunmnafuanaininesnsindouiivesnguyana
WagANUIENBU 4-22¢ AR WHUAWNASTL MFM, %mulmmamumammmuamamuw
Bunaneiu Fliwunmdsesindanuitestduunuammanduiihiiusesfideniniy
nndsgnou 4-23 LUUﬂWiLLﬁNG]’JE)EJNﬂWW‘VILUUL“VTG!ﬂ’]SﬁLW]N@UHW%QLUHGU’NWWU“U@QUWIE)
mwsgneu 4-23a uamduweifle amuszneu 4-23b Wunmn3afiuansinneinis
LRDUTIUBINEANYARR NMNUSENBY 4-23C FD WNUAMNEIY MM, Luammmmsmwmmﬂﬂm
MLUuﬂﬁiN‘wuLmﬂmﬂ,ummqmuma mmulmw wuAmE I URElAgssununmaziia
uastRntussaunaiiaudnunniedeuiidisnnuiiigs fmuszneu 4-24 Aensi
uansuanIsadeauling MPM, fegadoyainle UMN gafl 2 mnisali 2 dewduns i
FuAeilinniigadewsy dunsmaunsiensdmsuazidunswdiloforunsaload (e
Avuslirndsnulunasglugag 0-255 Fra5udureinlovsddmsnuiiiidossionn
Tutsiifmnisafinunfdintunsmazidugedudenguaniiaisruierindugs wagas
Aogranaiiengueulsauiisveunmuazeenainisy



90

ANBUNA
(@)

frame

62

170

283

384

475

AINNIA
(b)

WHUNTWNEI9IY

(c)

AMUIENDU 4-22 Nansnaaeuliaa MFM, aiegatayaisle UMN e 2 iman1salin 2

dioumanisaliung



91

ANBUNA
(@)

frame

592

594

602

607

611

624

AINANSA
(b)

AMUIENDU 4-23 Nanmsnaaeuliuaa MFM, aaeyatayaisle UMN e 2 iman1salii 2

a4 sala a
Waduman1savnaung

WAUNTWNEI9IY




92

300
250 AMINVIEARDLNTY

- NINIANI
200 ¢
wsdlean

150

100

50

O 1 1 1 T
0 100 200 300 400 500 600 700

AMUsENBU 4-24 NS MUARIHANTNAFBUlIAG MFM, meyavayainle UMN il 2
WANIaiN 2 WeldunsndunRufedunnfiansdeinsy dunsmidunseiansiang
wazldunTNAdeRemwmsalaan

ANUTENBU 4-(25-27) LAAIFIBEINNANISVIAFBUVBIYAIALDN 2 LUANITaIT
3 lnefinndsznau 4-25 uansiagisvaasuiiilumgnisalund amwdsenau 4-25a 9%
< a a (Y ! a a s d‘ A
Junnwdunsifle AmUsenau 4-25b Lanaiiag 19 NNIANLAALINLABTNTIATEUTIVEY
1 A [ < Y 1 a v
NANUARS WazNNUIENBY 4-25C AD WHUAMNNAIU MFM, astiuladinauuanaiiugns
wavnauAunguareiy iikkunwwganuinganuidesdsluwunmazdudiituuay
a a X < Y 1 & sala agt & '
AANATU NINUTENDU 4-26 LTUNITUAAIRIDYNAINNLTUUANITUNNAUNAZILT UL
easinle Amdsznau 4-26a unmduwsidle nmuszneu 4-26b LTunwnIaTiLang
s A i 1 2 Y A
NNLABINITLARDUNYINANYAAS AINUTENOU 4-26C AB WNUAINNFIU MFM, 13103l
wignsaiRaunATdun1siwduaniuluvateiiemig azsmuledn ununmndasuazdengs
Fawrunmazdduaaintunssusnaniauduunneioudivneanuss Mmuseneu 4-27
AanTMuanINanIsnaaauling MFM, meyatayainte UMN 4a9l 2 wman15eiil 3 1o
HuUNSETRUARANTIgAsaIsY WWunTMELAIRENIIIANILaTIEUNSINELTEIRDA Y
salean WeimualvAmdsulunasgluiig 0-255 Fasunurerinloagiandasunien
WeraunlugnimnnIalRaUnAAATUNTMAITUAY U aNAUAUTIIIURIAINE 19 1UE N
LAz ADE |aNAIaNAUALINIURWUNINLATDBNANLITY



93

ANBUNA
(@)

frame

23

72

175

241

335

401

AINANIA
(b)

WAUNTWNEI9IY

mMwusynau 4-25 wamsmmaau‘[mma MFI\/\L WJEFUWUE’J@J@’JG]I@ UMN ‘U@‘VI 2 mmmiam 3

Lmamumammmﬂm



94

ANBUNA
(@)

frame

512

522

545

556

565

571

Mwusynau 4-26 Nﬂﬂ’]i%ﬂﬁ@UIllLﬂﬁ MFM_ G‘I’JEJ?IWU@&J@’JG]I@ UMN ‘U@‘V] 2 mmmim‘m 3

AINANIA
(b)

LmaLﬂumemmmmUﬂm

WAUNTWNEI9IY




95

300 .
— Awnfigasawisy
250 13

= n31ANg

200 .
wsalaan

150 -+

100

O 1 1 1 T 1
0 100 200 300 400 500 600 700 800

AMUIENBU 4-27 NSMUARIHANTTNAFBULINS MFM, flgyateyainle UMN yad 2
WANIaiN 3 WeldunsndunRufedunnfansdeinsy Wunsmidunseiansiang
wazldunINAdeIReAwsalaan

AMUTZNBY 44(28-30) WansiIBYINANINAABUYDIYIALET 2 AN1TAlT
4 Tngfinwuszney 4-28 LLamsﬁhaEJNSUENLV\IiuﬁLﬂuLmﬂﬁaiUﬂa nwUsenau 4-28a 9
Hunmdunmiale nmuszneu 4-28b unmnafuanininesnsindouiivesnguyana
uaznNUsENaU 4-28¢ A UHUNMNEIU MPM, aguiiuldinnguyaaaiiuinuagnguaud
Bunaneiu ilvusunmndsruiindanuiitesddumuamanduithfuuas Ao uiny
anUseneu 429 uanadeganwiiiumnnisaliiiaunadadudieinevediile
nUszney 4-29a \unmduneiile mmszney 4-29b unmnIefiuanannnesnis
\RDUTIVBINEANYARA MNUTENBY 4-29C FiD WNUAMNEITY MM, Luammmmsmwmmﬂﬂm
WLUuﬂﬁiamuLmﬂmquMﬂwwq@ﬁuawa adiulleth wunmEINUeElAgs s unmaziia
uastRntussaunaiiaudnunniedeuiidisnunigs nmuseneu 4-30 Aensi
wansuanITadeaulieg MPM, fegadoyainle UMN 9afl 2 innisali 4 dewdunsmid
RuAeilunniigasewsy dunsmaunsiensdmsuazidunswdilorforunsaload e
Avuslirndsnulunasglugag 0-255 Fra5udureinlovsddmdsnuiildossionn
Tutsiifmnisafinunfdintunsmazidugedudenguaniiaisruierindugs wagas
Aogranaiiengueulsauiisveunmuazeenainisy



96

ANBUNA
(@)

frame

21

86

153

223

314

442

AINANSA

WHUNTWNEI9IY

AMUsENDU 4-28 Nansnaaeuliea MFM, fleyateyainte UMN 39l 2 wnn1seaii 4

dioumanisaliung



971

ANBUNA
(@)

frame

a7

485

499

506

511

519

AMUIENDU 4-29 Nansnaaeuliea MFM, fleyateyainte UMN 3l 2 wnn1sein 4

AINANIA

a4 sala a
Waduman1savnaung

WAUNTWNEI9IY




98

300 A

250 - — dwnniiansiaimsy

200 - NINANG

wsdlean
150

100

0 T
0 100 200 300 400 500 600
AMUsENBU 4-30 NSMUARIHANTNAGBULIAG MFM, mMeyavayainle UMN i 2
WANsalN 4 WeldunsndinRuRedunnfiansdeinsy dunsmidunseiansiang
wazldunTNAdeIRemwmsalaan

AMUTENBU 4-(31-33) UARIFRIDYNNANITNAADUVDIYAIALDN 2 L1AN1TAIN
5 lnefinnuszneu 4-31 uansiegrsveasuiiilumgnisalund amwdszneu 4-31a 9y
< a ada ) a A 3 « ~ '
Junwdunsisle amusenau 4-31b LuAMNIANkaRLINABINNSIARBUTIYRINGNUARAR
LazANUIZNOU 4-31C A WNUATMNEIIL MFM, asiiuldinnguyaraifudnguaznguaui
e v o 9§ v o Ao Ay o= % N8 a S o a &
gunaruiu vnliununmmdanuindanundesdduwnunmazsidudiitusasdleuintuy
I @ ' A g cala ad @ 1w aa

anlsznavu 4-32 1unsuansiegnnmiluvanisainiaunagdudutisingvedinle
nwlszneu 4-32a Wunmdunaifle nmdszneu 4-32b 1unmn3adiuandininesnis

A i ' = o A o caa a
LATOUNVDINFUUARS NMNUTENBY 4-32C AD UWHUANNEINUY MM, iaillnanisaliiauns
Mdunsimiduaniuluraiefienig asiulddn unuainndsnuaziiangedununinagid

a X a o ° A v = -

LALARTURTIUSIMATAUTILIULINLARBUNAIEAULTIEY ANUTENaU 4-33 ABnIN
wanananIIegeuling MFM, meyadayainte UMN 4afl 2 1man15aii 5 ewdunsindin
a a 1 4 a ' o = = I3 o aa A s A
RufeAIuINigaseLnsy lunsmaLAsRanI AN wazidunsd e feAmsalaan 1o
murualidindsnulaeasglugig 0-255 Frausuduvedinleaziinmdsnuniaidesseun
Tuge g N1 sllAUNAARTUN TN SUFIU U B NFUAULTU NI UTIAINRINUGILAL AL
ADYANANLIIBNGUALINAUTIVBUNNILALEDNININTY



99

ANBUNA
(@)

frame

16

123

244

355

444

637

AMUIENDU 4-31 Namsaaeuliaa MFM, seyntayaisle UMN YA 2 man1sali 5

AINANIA
(b)

diodumnnisaliung

WAUNTWNEI9IY




100

ANBUNA
(@)

frame

748

758

766

777

791

808

AmUsEnev 4-32 wanmmedeuling MFM, meyadayadnle UMN ¥ail 2 1wsn1salil 5

AINANIA
(b)

a4 sala a
Wallumansunnaung

LAUNINNAIU




101

300 - ,
— Awnfigasawisy
250 .
T NIMANg
200 walgan

150
100

50

0 - T
0 100 200 300 400 500 600 700 800 900

AMUIENBU 4-33 NS MUARIHANTNAGBULIAG MFM, /meyavayainle UMN i 2
WANTaiN 5 WeldunsndunRufedunnfiansdeinsy Wunsmidunseiansiang
wazldunTNAdeIRemwmsalaan

AMUTENBU 4-(34-36) UARIFTIDLNNANITVAADUVDIYAIALDN 2 L11)N1TAIN
6 lnefinnusznau 4-3¢ uansiegrwaasuiiilumgnisalund awdseneu 4-34a 9y
< a ad ) a A 3 « ~ '
Junwdunsisle amusenau 4-34b LU mMNIakanINnesNIsAfauiveInduuans
LazANUIZNOU 4-34C Ao WNUATNEIL MFM, asuiuldinnguyaraifudnguaznguaui
e U o 9§ v Y A o Sy o= % N3 a a o a X
gunanuiu vliununmmdanuindnundesdduwnunmazsiludiiiusas@deuinvu
I @ ' A g caa ad @ 1w aa

anlsznau 4-35 Lunsuansmegnmiiduvanisainiaunagdudutisingvedinle
nwuszneu 4-35a Wunmduneifle nmuszneu 4-35b Wunmn3adiuandininesnis

A i ' = o A o caa a
LATOUNVDINGUUARS NMWUTENBY 4-35¢ AD UWHUANNEINUY MM, iWaillnanisaliauns
Mdunsimiduaniuluraefienig asiulddn unuainndsnuaziiagedununinagid

a X a o ° A v < -

LALARTUNTIUSIUATAUTILIUNINAGDUTAIEANITIZS ANUTENOU 4-36 ABNIIN
wanananIIegeuliaa MFM, meyadayainte UMN 409l 2 1uan1saifl 6 Wedunsind
5 a a1 4 = | 1% = 2 3 v aa A s
duAeAIIINTIaasaln sy ldunsdLAsAanT AN uasIdUNTNAIREIReAUNTAlEan
a4 o P2 Y | | a v oo a Y a1 v 1
Wi mualirmasnulinasglugig 0-255 Frasusuvedinlevslmmaanunimtassiomn
Tuge g N1 sllAUNAARTUN TN SUFI WU B NFUALTU NI UTIAINR I UGIULAL L
ADYANANLIIBNGUALINAUTIVBUNNLALEDNIININTY



102

ANBUNA
(@)

frame

85

149

250

339

405

448

AINANSA
(b)

WAUNTWNEI9IY

AMUSENBU 4-34 wan1svadeuluing MFI\/\L mwmﬁuammﬁﬂ,a UMN ‘U@‘VI 2 L‘Vi@ﬂ?im‘ﬂ 6

L;J@Lﬂut,mﬂﬁmmﬂﬂm



103

ANBUNA
(@)

frame

474

483

496

500

519

537

AINANSA
(b)

WAUNTWNEI9IY

a4 sala a
Waduman1savnaung



104

300

= annniganowmsy
250 :

" N91AN3

200 .
wsalaan

150

100

50

O 1 1 1
0 100 200 300 400 500 600 700
AMUIENBU 4-36 NIMUARIHANTNAGBULIAG MFM, mMeyavayainle UMN 3ad 2
WANIaIN 6 WeldunsnduRuRedunfiandeinsy Wunsmidunseiansangiaz
Wunsmiddeafeamsalaan

AMUTZNBY 44(37-39) WansiIeYaNANINAABUYDIYIALET 3 AN1TAlT
1 Humgnisalfiegluiilasuds nefinmmdszneu 4-37 uansiogisveansudidumanisal
Un@ amuszneu 4-37a anfiunmdunnidle amudszneu 4-37b 1HunmnIafiuans
nnwesNsIAdsuTivesnguyana LazAmUsENeU 4-37¢ Ap UHUMWNEIY MM, LY
Whnguyapaiiutnn yhliuunmndsouindenuiitostdlummunmazuihituwasd
Wenintu mwdsenau 4-38 L“LJumiLLaNWJEJEJNﬂTWVIL‘UHL‘VW]M%@U‘VIN@U?]G]‘?J\‘]L‘U“LJ‘UN‘VHEJ
Y933le A mUszneu 4-38a LunmBunaifle nmusznauy 4-38b \dunwnIndiuans
nAmesnsAdsuiivenguyana AMwUsENay 4-38c Ao uNuUAWNAIY  MFM, Liled
wamssifiaUnafiIunAmiunniulunaneiienis asiuldin unuawndsauaziieigs
faununmagiidunaintunsauinaddaudiuunnedeuiifieauniigs nwusznou 4-
39 Aensmiuansuanisvaaeuluna MFM, feyndeyainlo UMN 4ol 3 mmn1saii 1 1ile
GunsmiEidufeafiinniigndeisy dunsndunsdonsdnuasidunsmAidedonin
salead Worvualiamasnulumasglugis 0-255 Grasuduvediilovsiidmdsauiiia
tessoulutaiifivansaiinunifatunsasisuastudlenduaudiiauirmdsaugs
LazIzADEanANilonguALILTwaUA ML DENINLTY



105

ANBUNA
(@)

frame

AINANIA

67

140

228

340

460

518

WAUNTWNEI9IY

(c)

AMUIENDU 4-37 Namsaaeuliaa MFM, seyntayaisle UMN Ya7 3 man1saii 1

diodumnnisaliung



106

ANBUNA AINN3IA WHUNHNGIY
(@) (b)

frame

568

573

590

602

607

618

(0)

AmUsEnev 4-38 wanmmadeuliaa MFM, meyadayadnle UMN ¥ail 3 lusn1sali 1
doluwmgnisainieund



107

300 - — dniigasiauisy
250 = n3neng

200 wsdaloan

150

100

50

0 T T T T T — |
0 100 200 300 400 500 600 700

AMUsENBU 4-39 NSMUARIHANTNAGBULIAG MFM, mMeyadayainle UMN il 3
WANsaiN 1 WeldunsndunRufedunnfansdeinsy dunsmidunseiansamg
wazldunTNAdeIRemwmsalaan

ANUTENBU 4-(40-42) LAAIFIBENNANISVAFBUVBIYAIALDN 3 LUANITEIT
2 \Jumgniseifieglufilawds Inefinmusenau 4-40 uanssegrevaamsuiduimgniseal
Unfl nmUszneu 4-40a azilunmBuneinle amUszneu 4-40b Hunmniaiiuans
s 44' A i 2 o ]
LnwaIMIATouivaINGuyARa waznMUTENOU 4-0C AB WAL MPM, T8iiiu
Indguyapauiutnng yilsmunmdnuindsnuiitosdsduumuninag fudiiiuuasa
WeninTu Amdseneu 4-41 LiJumsLLammasmmwwLﬂummmimwmmﬂﬂmmL‘Uumama
Y933l0 AnUszneu 4-4la Wunmdunaidle nmusznay 4-41b \Junmn3aduans
s = i i 2 Y A o~
NNMBTNITIATOUTNIVDINGUUAAD NNUTENDU 4-41c AD WHUANNRIIY MFM, Liladl
winnsaiiRaun@ndunmsiwduanaulufieniwnveanin asiuledn wunwndsuazdl
A1geTaunun ez idnasintuassuinaniaudiwinaineiouiinieniuiiog
AMnlsEnay 4-42 Aensvluaninaniimaaauluiag MFM, aleyateyainle UMN 4an 3
¢ A v NS a A 1 & = ] % = = I3
WANISAN 2 WealdunsndutufeiuInanseisy dunsvaLasnansIangLaL
WunsidRefeawnsalaan Wenmualidmanulunaeglugie 0-255 $ra5uAUvs
WleazilAmdsnuniadessdeunlutinidivanisaliaunfindunswazisugaduilengy
AULSHIAURIAMNENUGHAL LAY |ANAIBNHUALIAIUTIVBUNNILALBDNIININTY



108

WAUNTWNEI9Y
(@)

AINNIA
(b)

1T
q

ANBUNA
(@)

awlely

0L

LLT

434

09¢

LSY

G09S

o~
.mw
e
(o
<

=
=
52}
s
&

&
=
=
D
@
TD

MEYATaYaIn
Juwnnsalnund

<

o
bRk

AMUsENBU 4-40 wan1svadeuluing MFM_



109

ANBUNA AINN3IA WHUNWNEIY
(@) (b)

frame

584

587

600

610

619

630

_ : .
_
-‘ ‘ .
¢ .
0 el
> <
. »
! ¥ 4

AMUsEneu 4-41 wanmaaeuliing MFM, meyadayainle UMN 4a9l 3 11gn1sali 2
dioluwmgnisainieund



110

300 7 — mmnﬁqmmLWiu
250 — n91AN3
200 wydaloan
150
100
50
0 T T T T T T N

0 100 200 300 400 500 600 700

AMUIENBU 4-42 NSMUARIHANTNAFBULIAG MFM, meyavayainle UMN il 3
WANTaiN 2 WeldunsndnRufedunnfianseinsy dunsmidunwiansiang
wazldunINAdeIRemwmsalaan

AMNUTENBUY 4-(43-45) LARIFIBENHNANISVIAFBUVBIYAIALDN 3 LUANITEIT
3 umgnsaifieglufilauds Inefinmusenau 4-43 uanssiegivaamsuidumgnisel
Unii aamuseneu 4-43a azilunmBuneifle amdszneu 4-43b Wuniwn3aiiuans
s a ~ i 2 o ]
LINABINTARBUTIVBINGNUAAR UaznMUTENaU 4-43C A WHUATNNEIIY MM, 29U
Ignquuaraiiudng viliuunmmdsnuiindsnundesdsluununimasidudintuuazd
a a X < v ' & sala at ! v
WeANATU NNUIZNDU 4-44 LUUNTLEAINIDYNAWILTULRANITUNHAUNAYIL U UYIINE
Y003te NMUszneu 4-4da (HunmBunaifle nmuseneu 4-44b Junmn3adiuans
s s:l' i ] 2 Y A
NNMBTNITIAROUNIVBINANYAAR AMNUTENBY 4-44c AD WHUANNRIIY MFM, Lilaidl
wign1saRaunAdun1siwmduaniuluvateiiemie asmuledn ununmndasuazdengs
Fawrunmazdduaainduassusnainiaudnunnedeuiineniuiigs nmmlszneu 4-
45 fAonsmuanHanIsnaaeulung MFM, fiegadauadnle UMN Ya#l 3 winn13eiil 3 1o
WunsmiERnRuAeANuINTiaadeLnsy idunsIndLARanI AN LazidunTINEReIReA 1N
salean WermualvAmdsulunasgluiig 0-255 Fasunurerinloagiamdaaunian
WeraunlugnimnnIalRaUnAAATUNTMAITUAY U aNAUAUTIIIURIAINE 19 1UE N
LAz ADE |aNAIoNANALINIURWUNNLATDBNANLITY



111

ANBUNA AINN3IA WHUNWNEIY
(@) (b)

frame

50

113

190

260

312

400

(c)

AmUsENeY 4-43 wansmaaeuliing MFM, meyadayainle UMN 4a9l 3 1ugn1sali 3
dioluwmgnsaifnund



112

ANBUNA AINN3IA WHUNWNEIY
(@) (b)

frame

733

742

748

751

755

770

(0)

AmUsEnev 4-44 wanmmedeuling MFM, meyadeyainle UMN 4ail 3 lugn1sali 3
doluwmgnisainieund



113

300 1

250 ANINVIEARDLNTY

— N5NIANI
200 v

wsdlean
150
100

50

O 1 1 1
0 200 400 600 800

AMUsENBU 4-45 NS MUARIHANTNAFBUlAG MFM, meyavayainle UMN 3l 3
WANIaiN 3 WeldunsndnRufeaunfansdeinsy WunsmidunsPiansang
wazduNs AT ReAwmsalgan

4.2.2 nM3uszdiudsEansannisnsnduanuraunfivesssuaelamg MFM,

n1sUsEIliuAugnaevesssuuluseAulnsy 221935015 Receiver
Operating Characteristic : ROC Gmﬂaumummimaauhmammmmiamuummmm
mi‘v]maauLwammﬂimmwamammammﬂa lngvpaauwsAnazynIAte gLy 1,000 b5y
thinmedeusemuuinniafiunnseiu esnuaniniinasenugniiosedszuy 910
NANTNAADIATUIANTAYEFBITIALYINAUTUIAYAAE MAA1ST 4-1 Aloyadl 1 2gilan
ROC whiugsan 0.971 dlerunaniawifiu 20 uazaglddniatdmiunismeaouinleyai
1 3flonil 2 asdauviitugean 0.964 Wovuandaiiy 16 uazagldaniatdmiuns
naaeuiRleynd 2 Inloyail 3 axiianvindugsan 0.975 WevuinIawinfu 20 wazazld
An3addmiunmaaeuiileyedl 3 deldmninfiunzaudmiunimmaaeusi 3 3aleudn
%ﬁﬂmimaauhmaﬁam;m%ﬁiaﬂgwm (7,739 1153) w&A1 ROC wadildaunse
uandlunsad 4-2

M54 4-1 MsTeuigua ROC ¥a3ga3nte UMN Lilalvuinniavianeiu

Wile/vun 14 16 18 20 22
n3n

yafl 1 (ROC) |  0.895 0.919 0.959 0.971 0.943

yafl 2 (ROC) |  0.863 0.964 0.946 0.915 0.906

y9fl 3 (ROC) | 0838 0.928 0.932 0.975 0.802




114

M50 4-2 NsilSguiisunaneaeiglieg MM, Lagdsn15aus sieyndayainle
UMN Dataset

w3 ROC

pondnoaliald [13] 0.84

lualedeariode [13) | 0.96
Liea MFM, vee11deiliuinleyni 1

o Lvpnsalil 1

e 0.985

® wmgnualii2 | 0.976
liea MFMvaanw3feiliuvinleyni 2

® Lypn3nid 3

T 0.97

o LMG!ﬂ']iﬂiz 4 0971

® WNNITAIN 5 0.962

o Lvgnsaiil 6 0978

o Lypnsaiil 7 0.969

o mnsalil 8 0.96
Taina MEMwasnuideilnuimlound 3

® Lypnsaiil 9 0.986

e mnsalil 10 0.976

® Lypnnsnid 11 0.98

Taia MAM_ ve3tidatifuynminle 0.974

911 ROC lumsnit 4-2 aziuldinusedninmuesszuulugnifle 1 uaz 3
a v ' aas o = a & el
wildanugnisannnigaialed 2 lesnngaddle 1 uas 3 Humamsaiiiognieuen
o1msuariinguyarasuILINRinsIdufidaay mLaamaqmaawmmiammﬂiwmm
0.98 FsAnadanugniesgegaroyndtle 1 wnnsaldl 1 uazyeddle 3 1uAn1sail 9
iy gl nmamsnagoudanaldimaiiiainmatn luyaddle 1 uay 3
a X = 2 ! v aa { sv A ! < =i
nduillosanuaasiiazainiinanadlugiglinloudlunsmgsdanadnidunsud
AAUNG ArrugnAeslaglafieiandavesssuulanyiniy 0.974 FeiA1gandnionisoue
dintiee (0.84 dmsuisnseeninealvlad uaz 0.96 dwsudsnisluwalyadeanase) 9nyn
aay o a Yy aw ' aa v o A a
Faled 2 szuviidianugnaesitesniiyadale 1 uag 3 Wiy 1.3% FallAaduaiy
gneveUszaIn 0.968 undallAnfigininisniseendnealiaifngindt 12% uavaiunse
WeuAeaiuTsmslumaledeanesy isnzdunaldaidenugniesiosngavesyndeyad 2
Ananilwungnisalieglueiaisidianinzuindeunlimunzay wu Jynia ameu
4:4' M 1w = = A o a a4 & A Ao 9
imdeuilidnay wasdinsudsuudaniielinisiUauses wasdideinaunduivainnds Jeym



115

el ingiiadeuiidauiianaiald dwaunsaleasasldmiuandiaty
fuusazyeinlewfiolilinanisnaaeuiiafian wazannzwindenlunmidamadiunsiden
Wssimeslatuiy S3n519 ROC veslutaa MFM, @ansanandlaauninuszneu 4-46
wagns1 ROC Yasion1seeninealiaiiazlunalgduanasoaunsauaninuninlsenau
4-47 Mdudunswidihiunasauninudisu

1.0

1

0.6

True Positive

0.2+

0.0 T T T T
0o 02 0.4 08 08 1.0

False Positive

AMUTENBY 4-46 LAAININ ROC 109N15ATaTuman1sainiaunfivesyadeyaisle UMN
mgluaa MFM,

e Ciptical Flow
m— Force Flow |

True Positive

L L . L
0 0.2 0.4 0.8 o8 1
Falsa Posilive

AMUTENBY 4-47 LaRININ ROC 199n15ATaTUmANIsainiaunfvesgadeyaiste UMN
mgTsn1seendnoalnaliazlunaladvaosy

4.2.3 a3U

sAteluideiifunisinauemansadunginssufiiavossrudeluina
MFM, fifianuRaunddemanisainnsiomduaniu Saueaidiuuifnunainnisnszans
wianuiituegiuaruswosmilaglifinisinnuyanauarlifutudnuazaesing nns
Uszanarnuswnegisniseeninealnadluusasninvesnmuwaznisufauiusiulugasu
Tagthamdsanu MAM_ sndadunanisaliiaunfsneisnmamsaloadiiiollliiAanaidsse
UsEANTAIMNUDITLUY NAABUAIINYNABIYDITEUUMEYATALD UMN HaN1TNaaaunIs
T TUNgAnsIuAnUARTANANgNFDsgafs 0.98 ganireAtedinuanlaslsidilsda
Foulvvesannzwadeniiiudsuniasuazmstafussrinsynnalugssy



116
4.3 nanraagauman1salvnssslunguuananleyatayainle NUS-HGA uaz BEHAVE

Tuideiihavenanisnaaeumanisaiunsdos fenisiilieg MFM, 21
Uszgndldiummnisalunsios Adnvaewainssuamgiwanaaiuider 4.2 adunnsm
mansaiieUnAludssuiiingAnssiamiunniuegissinds Tujduiusveanguyanad
Fulustslufimmadetunievareiions Sslsifinsiisdsfianadelldamdsnuromis
ﬂgamwuﬁﬂuLLaamaummmﬁmmmﬂﬂmmaml,maiaawmm au Iummmmmmmﬂmmaa
LUuWqmﬂﬁsmawﬂﬂamumsﬂgamwuﬁﬂﬂummameﬂumammLs:m'm Fatunsiin
Tuina MAM, anldagdesiinnifirmanisindeuiivesyana Aidunginssuveanduyaaain
Auuswie ahaduuameivesnsundesviseiduilaeslusziugs elilimdssmvea
msunseeitevnuldfndumsnsaiunsesmuaunsiildnauudaluuni 3

4.3.1 NMINTAIUNITVNGIDY

N13ATITUNTVNFRLALUANIIARIRIBEN AIUAINUTENOU 4-48 UAAINIT
psrdunsandesiisznaude tuseuduioludl annnninledunmazidngtuneunsn fe
nsunlayusesnmmeIsnsinesaaiinnsuanasy wasniAreanfnoalialuumiLmil
n3a Fananslunmusenou 4-48a 4unoudt 2 Ao AUIMAI NS MFM, 21n0aN@ADa
TnlaimnanIauazuanaduusunmndanudinwuszney 4-a8b Lilowananisufuusiu
Iuivmwﬂémumah%uﬁuq Gqu‘U%Lamﬁﬁmimﬁauﬁ%wmaGﬁammL%mm}“ﬁﬂ'1
GRAITEN LLau‘Ui’mgL‘UuﬁLLﬂﬂ du vinaifimsindeuditrazusngdider indes filu
UHLATNNE 1Y TuReudl 3 N1IMAINSsUNISINARETNIINUNALAD AT INREE uag
WEIUIIN MFM, asnsauaasfuusunmndsay fauanslunmuseney 4-48c Uiad
nauyaraiingAnssumsvnresarUngaunsarluuinuilifinnssnsos avsingdiden
e 9 Tuwsuamndsaunisendos  uazdumeugaieidunisnsndunisensesdie
BnsedudelagliiBnmamsaload dumidaiidmdanumssnsosganiidunsaleas ag
fohumisiuuiumisiiinsendeniintu uazuansuvdsiiinnssndesfeqanind
wasAaandlun ndsznau 4-48d



117

(@) MNBUNA (b) wasuINTLAa MFM,

(C) WANNUNTVNF DY (d) NMSATIVTUFAUINITVNADY

AMUTENOY 4-48 KARINTFUIUNIIATINTUNTUNADY
4.3.2 Han1AFaURIeYatayaIale NUS-HGA

nsUssiuussAvdnmueadanesiiutl dmsunsnsndummnisalundenyii
Ieshensmaaoudeyninle NUS-HGA fignianlilunuide (8] dednvhnstuiinluauni
Tasudslaguvnine ds NUS Uszimadealud ynilousznaudie 225 add fisliwgnisalun
fo8 (Fight) 31uaU 75 AU (10,012 L5w) LLasz@ﬂﬁizﬁéuﬂﬁﬂuau 150 AaY (23,627 1W4)
laud 1) msiiuliaulaniu (gnoring) 2) nstAud MY (Gathering) 3) n1sEunAAeiu
(StandTalk) 4) Mstiudunga (WalkinGroup) wag 5) msiadunga (RuninGroup)

solutianduieganisnaaeunisnsadunisendesdegndeyaiale
NUS-HGA #1a 6 flanssusfal ammusenou -9 uansnmeiogamamsvagaunsendesds
yatoyainle NUS-HGA Midufanssunisunsies amusznou 4-49a ilunmdunmitiiunm
pandnaalnalludiunis Mmdsenau 4-49b Al MFM, 3 neaninealilainngnia
Duuuamndssunginssuveaianssumsvndesnguyana aziadeuiiiuilefinissiodiu
flimdsnugaazunngiduduas & uaruramsudiliiAansvndesnguyanaazindoud
vidaiiutnasusng@iden wides fhluusunmndsnu mwusenau 4-49¢ Lienguyanail
waAnssunsTAreEaUTINgAuAs wagluuinniliinsundesazusngdiden wdes fily
LHUAINEINUNSTAREs MNUTENeU 4-49d wansiumsiinnsunsessegAnmALA
sumidlafidmdanunisundesganidnsalead sgieivhumisiudusuniaiinngen



118

soaintu uazldnmaziunsnuaniiasgavomdsunisvnsesluusasinsuvesionssy
WsuRdlAmMAIUNNsINFeY NI AzllANAINUINARYARYEITU LTUBIIINAUNITITIIIUAY
Jrgeaniirngendt 1 elinisvnsseuaznsmazininos anas 1HosaInyanaLEI9INNTYN

AOULAZLARDUNTNAITILLAA I UUNYIVDIR LD

Fdla/mlsu

ANBUNR
@)

3/88

ANAIUTNFDY

NaIU MFM
(b)

WA NUTNADE
(o)

ANSHTIVIUYNA DY
(d)

26/60

ANAINUTNFDY

30/47

ANNAINUTNFDY

1/90

200




119

-8 _ 8
S - M m _ m I
- 8 -8
- g g r g
I - -
3 r 9
L g LS
8 r 8
-8 8 - 8 -8
- 8 - 8 - 8
-2 - 2
2 -]
o -] -
L2 RS
o -5
L o o r © L o
- ° N i ¢ o o o~ (S}
N o o~ o
EQECPQFWW\_%,\F_& ¢81/61 m@ECFQFﬂv\WZ:(_@ 91/¢b EQECFQ_(Z,\%;F_@ 001/9v _w@_@CP?er%ZF_@ cv1/6 mm.@cpﬁrvv\%gf@ 061/21




120

ANNAIUTNFIDY

0 50 100 150 200

64/60

ANAINUTNFDY

0 20 40 60 80 100 120 140 160 180 200

AMUIENBU 4-49 NNEIBYNNITNTINTUNTVNFREMEYATaYA NUS-HGA Aanssuunsieey
(a) paNAnalNaluAwLIn3A (D) WHUANNAIIY MM, (C) WHUATNNSIIUAISINADE
(d) fumsniinissnsiey

AMNUTENBY 4-50 WAAINTNAIBYIHANITNAFDUNITYNARYAILYATDYA
Ao NUS-HGA Tilufanssunisinudungu awdszneu 4-50a tunwdunafitiuim
panfnaalialludiuniinin AnUsenau 4-50b AwIA1 MFM_ 31neenfnaalwainng
n3n Wununwndsunginssuvestanssunisiiudungy nquuaraazindeunidiululy
famaieatududuunn nasundsuerdamdsiugawazusng duduns du wazuns
P A A a v ° ¢ v - a av o o a
wsuiidaunvsaiiudiquasiuviuliaites tesainnisiauiiliiniznguiuazdsingd
IS A v 1 = a ra 1
Wed wided 1 Tuskun gy nwdsenau 4-50c nquumraiingfinssuliiinisvnsdey
WesanluitenafeatunamunazUsingddes waes i Tuwnuninndsunissnaee
MuUsENau 4-50d wansunusidnissnsssuananssuiladinisnginssunisvnsiesdslyl
Us1NQAT0IUINISTNEBY LWBIIINNANIUNSENsivetoanitAmsalaas wazldninas
Junsuansrgegnuomdsnunisensesluisazivsuuesfianssy nsmasiammdsnunis
gnsoelaund 1 esnlifinissnsesiintu uiluuiawsuniidgauaiiosainuiunsy
nquyarainisnwvuyiiiAniienimsadula



121

ANSHTIVIUYNA DY
(d)

o
-
m [ m o
o P - S
Y I
o —
3 b
e ©
@ -~ o
= -
m ~ L 8 o -1 S o
m ) N 3 A. R -l
S
Z
3G o
N N
(@]
- o0
~—
o o
_ S S 3
M —
L
= o L8 2 3
= = ~— — —
— o
Z S
3G
S g g
)
Ll o
[T9)
2 3
mn.
w — r o o e ©
qm K = o — o — o
(o - e
&
L 1/BYL 19/¢ REYURMLIEMLY RewURnNLNbEMLY | 8D/CT | RewusnlbemLy | G8/0C | RewuenLbbemLy | 0ET/PC




122

ANNAIUTNFDY

47/66

ANNAIUNFDY

100 150

200 250

300 350

AUsENaU 4-50 NMNFIBE1ININTIITUNISINFRMmEYatoya NUS-HGA Aanssuaudu

nqu (a) sandrealnaluudaznin (b) WNUAIMNEIU MFM (C) WHUATNNEINTUNITYN

f98 (d) ALAUIALNITTNADE

AMNUITENBU 4-51 LAAININAIBYIHANITNAFDUNITYNARYAIYATDYA
AAlo NUS-HGA Mdufanssumsiadungu amuszneu 4-51a unmdunainihuimesn
Anvalwadluduniin3a nmuseneu 4-51b A1uwAT MFM, 3 neanfinealilainngnia

[ [ a a a & ' 1 f-:ll A g a
LU‘L!LLNHJ’I']WWENQ’]HWZ]G]ﬂiill“UENﬂﬁ]ﬂi’illﬂ’]i’l\‘iL‘U‘Uﬂ’ﬁ}l ﬂquuﬂﬂﬁﬂ%Lﬂﬁ@u%ﬁ’ﬁﬂiumﬁ“ﬂﬂ

a [y < o [ a1 [ @ A ¥
LEINULTUDIUIUNN Nﬂi'ﬁuWﬁﬂﬂﬂuﬁ]%uﬂ’]WﬁNﬁuq\‘iLL@S‘Ui’]ﬂQL‘UUﬁLL@Q GEY IULLN‘L!ﬂTW

WAWIU MNUIENeU 4-51c nguyaraiingAnssuliiinisvnses \esaniduiianiafieaiu

MUzl naded wiaee M1 luwkunInndaunisendes nmysenay 4-51d wana

Auanin1ssnsee winanssuiliinisnginssunisunsesdslivsingdvesiunusnisen

fog Lipsnnasunmsnasetdesnitamsdlean waglinmazilunsinuansangegaues

NAIIUNITINABY T ULARLLNTUVDINANTTU NFINALLAINAIUNSTNFARENTALeYN N 1

A () 1 a £ I a1 X P J al
L‘L!E)ﬂ‘ﬂ’]ﬂlllllﬂ?i%ﬂ@]@&Lﬂﬂ“UULLWGL‘NUWQLW?NﬂNﬂWQQ‘UU@J’] L‘L!E)ﬂ‘ﬂ’]ﬂ‘U’W\iLWiﬁJﬂqmuﬂﬂaMﬂﬁi

WALV I AR AN 59U e

a5y

AINBUNA
(@)

1/29

NE91U MFM
(b)

NANUTNA DY
(@)

A1SHSIVIUYNABEY
(d)




123

o 2 -8 o
2 N & ) - g
8
(=3
g g = g L
g
5 g g ] - 3
]
= - 8 % - 8 8
S
-8 - 8 s -8 2
8
L o L o ° - o <
(=} —
— o — o - < <
RRUURMLMEMLY|  GD/DT  |ReuupnLbsemLyl  Ce1/TC | BRBURMLINEMLY REWUANLINEMLY | 98T/1¢ | BRBUAMLINSMLY




64/42

ANNAIUTNFDY

124

AUsENY 4-51 NMWAIBEIINNINTIITUNTIINFREMmEYataya NUS-HGA fAanssuiaduy
nqu (a) sanArealnalumumdina (b) WHUANNEIY MM, (C) WHUANNNEIUNITN
fiay (d) wnieniinisunsiey

AMNUTENBY 4-52 WAAININAIBYIHANITNAFDUNITYNARYAIYATBYA
3o NUS-HGA fifufanssunsiiulsiaulaiu amdszneu 4-52a Wunmdunmiithunm
sandnealiadluduninia andsenau 4-52b AwlneA1 MFM, A1nean@nealilainnan
Saduununmndanunginssuvesianssunaiuldaulatu nguyanaszindeuiinuifen
Hrqluluvaneiiens nasamdsnuasiamdsnuunanadlednmafumuiuarusngdu
du Tuununwndauusideoyaaatfuaudedlifinsu fauiusiugdu wiunwndsan
Usng@Ter wdes i nmuszneu 4-52¢ nguyaraiimgAnssuliinisundes iesanidu
yaraLduAu AU IngAde wides i luusunmwdsunisundes wallenguyaaadl
fevnensaiududeanusidmilindnunisendesfifdesguiu awdssneu 4-52d

wanILaniin1ssnaewsifanssuilliingAnssunisensesdaliusingdue siunianig

sy esnnasnunsyndestoanitamsalaas wagldnnazilunsmuaniaigegn

YDINAINUNTVNF B I ULAAZINTUVBINANTTUNTINILLAMNAINUNITVNFBENTALBENTIT 1

e/l

a

1/59

AMNAINUTNFDY

AINBUNG
(@)

NE91U MFM
(b)

NANUTNA DY
(@)

A1SHSIVIUYNABEY
(d)

100 120 140

160 180 200




125

S
-8 g 3
-8
o 3
:2J N
- S
L g -
& &
- &

o (=4 o
= 2 s
-8

g 8
L Q - -
- g
3 o
[T}
- ]
) o
o
— o
N ~— o
ev/v peuuenLbteMLY | €eT/LT | pewupmniteemLy | L6/0T | gewuenLbtemLl | 9GC/UY | BewunnLtbemLe | DDC/LS




126

0 50 100 150 200 250 300

ANNAIUTNFDY

AMUTENRY 4-52 MNFBg1ININTINTUNISINABEMEYATaa NUS-HGA Aanssumiull
aulany (a) anAnealnaluminuinia (b) WNUATWWAIIY MFM, (C) WHUAMNNANIUAT
¥nreg (d) AMurninIsense

AMNUITENBY 4-53 LAAININAIBYNHANITNARDUNITYNARYAIEYATBYA
3o NUS-HGA fifufanssunsidudvniudiodungy amdseneu 4-53a iluamdunadi
Jrumeendnealiadlusiuiuensa Andsenau 4-53b AuINAT MFM, 91n0aninea
Trladnnanda Wunsmuammwdnunginssuvesianssunmsidudmiu nguyaeraaziadoud
o luluiirniemseiudon Wunsujduiusvesaudiuiuun nasmndssuaziiang ey
Ununansdsgailefinmafumuiutazusingiludundouasluunuaimmdany amuszney
a-53¢ nquyaraiingAnssulifinisunses esnnguyanadouiingsdnuusiinauiadi
s Ader wdes #h Tuuiuammdsnunssndes nmusEnay 4-53d wandsumieis
NSINADE Lwiﬁa]ﬂiiuﬁlajﬁms‘wqaﬂiimmimﬁiaaﬁalﬁﬂﬂﬂgﬁ%qﬁwmemﬁm@iaﬂ
\desnnndsunisundestesnitdunsalead wazldnmanduniuanidigegaues
wanumsvndesluudazinsuvesianssy nimagldmdsnunisynsesidaniosniy 1

ANBUN naas1u MFM NAUINABY NM3ATINFUINGBY
(@) (b) (0 (d)

ERIGYAIEY

1/76

ANAINUTNFDY

17/175




127

ATNANUTNF DY

23/154

ANAIUTNF DY

36/296

o

ANMNANTUTNFBDY

49/178

ATNFNNUT NG DY

55/158

MEIUTNABY

A

0 50 100

150

200 250

AMUIENDU 4-53 NNFIBENITATINTUNTVNFAREMEYATaLA NUS-HGA AanTsuiiu
10U (2) eanAroalNaIluLAaLnIA (D) WHUNINNAIIE MFM, (C) BHUATNNSIIIUAITN

A9y (d) MWNUINInIsunsae



128

ANUTENDU 4-54 LARININFAIDENANITNARBUNITINARYMEYATOYR
e NUS-HGA MifufanssunmsBunaneiu amuszneu 4-54a Wunmduneithanmesn
Arpalwadluiunian3a nmUsenou 4-54b A1uIAT MFM, 3 neaniinealilainngnia
HuusunmmdanungAnssuvesianssumsbuynneiu usasyarabunansiuiinsiadoud
toeveliifimaindeuiiazunng@ifer mdes fihluununiwndaanu nwusznau d-54c naw
yaraingAnsnilifinisundes esnnguyaraindeuiinsstiuudiinniniain agsinga
Jen wides fhlunnuniwndanunssndes nwdseney 4-54d waasdumisifinisunses
uiRanssuilaifiniswgfnssunsvndes Feliusngdvessumisnisyndesiiosninwdeu
msvnsetesnitamsalean uazldnmazilunsnuaniaigeaavesmdsnunissnseslu
uiaglsesianssy nymlaedidndsnunisensesifidntesniy 1

ANBUNR N MFM, WHUBNGI0Y NMSATINTUINGBY
(@) (b) (@ (d)

Fdla/nsy

1/154

ANAINUTNFDY

24/91

ANAINUTNFDY

30/136

ANNAIUYNFDY

0 20 40 60 80 100 120 140 160 180 200




129

35/56

0 20 40 60 80 100 120 140 160 180 200

ANNAIUTNFDY

46/51

ANAIUTNFDY

59/94

ANAINUTNFDY

AMUIENBU 4-54 ANFTIBENITATIVTUNTTNFREMEYATBLA NUS-HGA Aanssudiuynny
fu (a) eenfroalvaslusmunriansa (b) WHUANNAINU MFM, (C) WHUATNNEIIUATTYA
fiag (d) AMwnisninissnmoy

4.3.3 Han1adauRIeyatayaInle BEHAVE

dioifunismeaeuszavsnimaadlinng MEM, ity agyinismaaauuy
suteyadu Ao yadeya BEHAVE [63] fiuszneusie 19 adUidle (1,751 isu) 7y
wnn1saivnaey (Fight) Lagiunnisadun 130 adY (26,513 isw) iuA nsifuuiaeiy
(Meet) M3tAuuena1ni (Split) m3aslania (Chase) nsiAumuiy (Follow) nsiAudmm
fu(Approach) nisiauldauladu (gnore) n1sBuyareiu (InGroup) N1siAuTungy
(WalkTogether) wazn1s3afungy (RunTogether) usiiteliiaenndasfufanssuvesyatoya
e NUS-HGA Faldvimmmsaiilaiunisiui 5 mansalumaaey ldudnsidiudimdy
(Approach) n1stiuldaulaiu (gnore) n1sBunareiu (nGroup) mstAudungy



130

(WalkTogether) waznnsiaidungs (RunTogether) luusiagaduusznausenguyanaiil
f\i’wmwmﬂﬁawa%aﬁmum@wuﬁmuﬂmq

soluiiasidufognsmansagaunsnsaiunisendesieyadeyainle
BEHAVE % 6 Aanssudall niwsznay 4-55 uansnmiiegananisnnaaunisenses e
yntoyaifle BEHAVE MfuAanssunisvnsesnmuszney 4-55a idunmdunaiituim
pandnealnalludiuriinin AnUsenau 4-55b AwiA1 MFM_ 31neendnaalwainng
naduusunmndinunginssutesianssumsenden dasnaeinletmamsaiifnisen
sesfudringinssusesuuuegiud Fefinmsindeulmiawizdouazisingy usidunns
indoulmiiiuazifnnsstuing nasamdsnuasismdsnugawazsng Juduas du u
WHUAINNE91Y nUTENBY 4-55¢ NGFUYARATNGRANTIUNITINABEAAAN19RTI UL
a8 95ISRadAmANUgwarUTINg duduas du Tuukuninndsanu aawdssneu 4-55d
sumidlafidmdanunisundesgeniainsalead asdeiumisiuduiuwmisidinnzen
sosiAntusiuistiuasdugnnindung uasldnmasianins U8RI IILNg
ynsoglundazirisuvesianssy suifAmdsnunisundes nsmasiidmdasuanses
geandiAngand1 1 Jadnmnnisaliflesunaisy

ANBUN waasu MFM, NN DY NMSATINTUINGBY
(a) (b) (0 (d)

Fdla/nlsy

3/145

ANAINUTNFDY

a/78

AMNAINUTNFDY

0 20 40 60 80 100 120 140 160 180 200




131

40 60 80 100 120 140 160 180 200

20

40 60 80 100 120 140 160 180 200

20

200

150

100

50

40 60 80 100 120 140 160 180 200

20

RERYURMLODSMLY

RERYURNLIMEMLY

REYURNLIDEMLY

RERYURMLIDEIMLY




132

ANNAIUTNFIDY

0 20 40 60 80 100 120 140 160 180 200

9/190

ANAIUTNFDY

0 20 40 60 80 100 120 140 160 180 200

11/105

ANAINUTNFDY

12 162

ANAINUTNFDY

0 20 40 60 80 100 120 140 160 180 200

AMNUTENBY 4-55 NNFIBEINITNTIVTUNTINHDEMIEYATRLE BEHAVE Aanssuvnsies
(a) aNAARAlNAIUATLRUINTA (D) WNUATWNNAIITY MFM, (C) WHUAMNNENIUNTYNABY
(d) fnusninIssnAoY

AMNUTENBY 4-56 WAAINTNAIBYINANITNAFDUNITYNABYAIYATDYA
3#ile BEHAVE MifuAanssumaiudungu amdseneu d-56a iunmdunaiinnmoond
roaladluusaznin amUsznou 4-56b AwraA1 MFM, 9 neeninealnaiyngniadu
uuaNdssmgAnssuveaianssunnfuiungy indeudilumefululuiiamaieadus
Punulnaidudiunnn naswndinuasdamasnugiwazysing uduas 1 wazung
wisuiiadeuitlufeduirgdniulnaives ilosannaduiilifnduiuazdsngdiden



133

wdes Mluuiunmwdsny amuszneu 4-56c nauyaraingAnssliiinisundesiiossn
waeulufeulufianafiortuimun wusng@ides wies #h luuwuamndanunisen
sioy amUszneu 4-56d wanwwnisiifinsnsies uwinanssuiflifimsngRnssunisvnsies
Jelisngiuntisnsndes esnnwdsnunsvndestesnidinsalaad uagldnimes
Junsmuanimasgnuamaanunssnsesluunazivsuveianssy nsmasdiamaniunis
angestionndt 1 iesanlaifinissnsesiintu LLG]ISL‘LJU'NLWiMﬁﬁﬁ?QQ%ﬁm’lLﬂjaW’mU’NLWill
nauyARaINITLNIMYLLaEE I AR IAIR Sst1u L

ANBUNA W1y MFM, WARUYNFDEY N3ATIATUINADEY
(a) (b) (© (d)

Fdta/lsuy

1/82

ANAINUTNFDY

2/50

ANAINUTNFDY

3/72

AMNAINUTNFDY

0 20 40 60 80 100 120 140 160 180 200

a/57




134

ANNAIUTNFDY

0 20 40 60 80 100 120 140 160 180 200

6/57

ANAIUTNFDY

0 20 40 60 80 100 120 140 160 180 200

7/18

ANAINUTNFDY

0 20 40 60 80 100 120 140 160 180 200

AUsENaU 4-56 NMNABEININTIITUNISBNFREMEYAdoya BEHAVE Aanssuiiuiu
nau (a) sandnalnailusiutan3a (b) WHUANNANIU MFM, (C) WRUATNNGIUNITYN
siay (d) Funusiiinisynsiey

AMNUTENBY 4-57 WAAINTNAIBYIHANITNAADUNITYNARYAIYATBYA
39le BEHAVE Mdufanssunisiadungu amuszneu 4-57a Wunmwdunainiumeend
Aaalnadlumunun3a Mudsenau 4-57b AMUIMAMNEINN MFM, 3 nsen@nealilaivng

a I~ [ a a QI I~ 1 a a [y a [~

ﬂimL‘UuLqumwwawqumsimmmmiiums’mLﬂuﬂqmlﬂiummﬂmmﬂu inlnaddu
FIVIULIN WHUNNNAIURZIRANS AT AgasUsIng Judune du nmuseneu 4-57c
LHLANNATIUNsTNAReiiates nauyaralingAnssulifinisvndesiliosainluiiania
a v o P 2 ° | Ao ' |
WenuamnnzUsINg@Ted wmaed 11 AMnUsENoU 4-57d LaRIFIWAUINENITYNHDE LA
AanssuiiliinisngAnssunisunsios FakiUsingdveduniian1ssnseeilotnInndsaunig
gnsoeauniAunsalaas uazldnmazsilunsnuanimasgnvemasiunissnsesluusiay
WsUYIAANTTU NI INAETANAINUNSINFRENTA1TReNIN 1 Weasannlulinisynsestiniu
wiluunasuAfiangadundniles Wesnuiamsunguuaaaiinisuniswvuiazvvinlinin
frnensetnule uinisunwsuasiinteaninfanssunisiudungy



135

ANSHTIVIUYNA DY
(d)

o o
- ] -8 g
N
g
o = 3 g
- -3 -2 5]
s
= @ o
(e (=4
S g
3G
=
L 8 L8 8 )
—
> =
L °
=
= 2
&
924 -2 g e -2
=
< <
m:.
= Lo o o —F o
® S - o - o - e
=
&
L 1/BYL 06/1 REYURMLIEMLY §L/¢ REYURMLINEMLY 06/¢ pewunLttemLe | 09T/ | pewyusnitesmiy | 00T/S




136

ANNAIUTNFDY

6/80

0 T T
0 20 40 60 80 100 120 140 160 180 200

ANAIUTNFDY

AMUIZNDU 4-57 NWAegen1snsadunIsnsesmeyndeya BEHAVE Avnssuiadungy
(a) paNAnalNa luAWALINIA (D) WHUNNNANIY MM, (C) WHUATNNSIIUAISINADE
(d) fumsniinissnsiey

AMNUITENBY 4-58 WAAININAIBYIHANITNAFDUNITYNARYAIYATDYA
3#le BEHAVE Mdufanssumsifudmtuitodundu nmuszneu 4-58a unwdunmi
Jruneandnealialludiuriuansa nMwusenau 4-58b AUINAT MFM, 2 1n0an@nea
Tnlainngnin WuwmuammwdsnungAnssuvesianssunisidudmiu nguyanafiuiain
vianefiensazindouidtilulufiamanseiutu Wunsufduiusvesaudiuiuunn wasa
wasuagdamdsnuUunatsisgadedinmafuaiuiu wastsngduduvideuasluusunin
W Mwdszneu d-58¢ nguyaraiingAnsailifinisundes iosannguyanatadeud
assiuuafinuEat asusngdlen wies flulnunmnasunssnsies AnwUsznauy
4-58d uanahuvtsiinisundes udianssuillifnswginssunisensesisliusngdues
Auviansvnsios Lilesanndsunsundestdesnitdunsaleas uagldnmazidunsm
uanaFngsgavesndsaunsenseslusazivsmeaianssy nawasdamdsnunisunsosd
fAosandt 1

%

g a o 9 i 9 i
= AINBUNG waseu MEM, WAIUBNADEY NIATINIVVNADE
\ 9

@
b (a) (b) ) (d)
o

1/45




137

3
o i
o [ m A ) [ w
- 8 )
=) S &
) ~ o
. 3 - M -
1 Q - S
g F 9 qd L m
4
is - S = - g
f
3 .
S - & - S - S
— - - <« -
<
o o o o
S S S K
<
8 - g Af 3 - 8
<
3 5 # . 3
S . { S
S & <
8 &
F o
N
i S}
— o r o o — o
— (=)
— (=}
REYURMLMEMLY €9/¢ REYURMLINEMLY 86/¢ RRYURMLINEMLY ov/b |mesumnisbemiy|  LD/G REYUAMLINEMLY




138

6/16

ANNAIUTNFDY

AMUTENBU 4-58 MNFIBENNTATIVTUNTUNFAREMEYATBYA BEHAVE A9NTTaiiudIv
A (a) panArealNa U LrLInse (b) LEUATNNAINY MM, (C) LEUATNNAIIUAITYN
Aoy (d) AMLRUININSTNsBY

AMNUTENBY 4-59 LAAININAIBYIHANITNAFDUNITYNARYAIEYATBYA
3#le BEHAVE AiduRanssunstuyaneiu mwdseneu 4-59a iunmdunedithunvnoond
Aoalnadlusuninia nwUszneu 4-59b MulnA1 MFM, 91nsen@inealiainnan3adu
LHUNINHE I UNGANSTURIRINTIUNSHUNAALAY uiasyaratunaauiulaeliiinns
\deuiiiuniovdufuintoszsingdiden waes dluuiunmndanu awdseneu 4-
59¢ nguyaraimgAnsauliinisundes ilesnnguyanairdeuiinsaduustiaudn oy
Usnn@iden wdes fluusuninmdanunissnses nmusznau 4-59d wansuvtaifing
snsosudRanssuilifimsnginssunisvnses Jeliusngdveshuvtianisundes 1edan
nasunsInsestdoaniiAmsalaan uazldnmaziiunsnuanIAEdAvINEIUAITYN
seglundazinsuvesRanssunsmazildmdsnunsundesifaniooni 1 videlndiAs 0

%

s a o 9 ! ) !
= NNBUNA NWaAWNIU MFI\/\L WAWUTNF DY N1INIIVIUVNF DY
S~

= (@ (b) (©) (d)

o

<~

N~

~

<~

AMNAINUTNFDY




139

120

60

20

40 60 80 100 120 140 160 180 200

20

Lv/c

RERYURMLODSMLY

8¢/e

RERYURNLIEMLY

06/v

REYURMLIDEMLY

6¢/S

RRYUAMLIDEIMLY

Ge/9




140

ANNAIUTNFDY
o

40

60 80

100

120 140

160

180 200

AMUTENBY 4-59 NNFAIBE19NNTNTINTUNISUNABEMEYATaYa BEHAVE Ranssugunnae
AU (a) 9anArealWalumMuLruInsa (b) WNUATNNAINY MFM, (C) WHUANWNEIIUATIN

f9e (d) FILAUIALNISTNADE

ANUTENBY 4-60 WAAININAIBYNHANITNARDUNITYNARYAIYATBYA
A@te BEHAVE Milufvnssunisiduluauladu awdseneu 4-60a tlunmBunaiiiiuim
sandrealnadluduniinia amusenau 4-60b ALINAT MFM, 3 naenfnealwaivng

n3ondunnunmwasunginssuvesianssunisiauldaulaiu nguyananisauiIwfu

dll Qll 124 a QAI ! LY = a v v f v yd‘ v a A A
LARBUNYI)NANWNNAINNUY lﬂuﬂWiUQﬁNWUﬁﬂU@j@u LLNUﬂWWWﬁNWU‘UiWﬂQﬁWU} Wde 9

A a [y [ I [ [ o/
Lll'e]llﬂWiL@uﬁQUﬂUNaiﬁﬂJWﬁNWU’ﬂzmﬂ']Wﬁ\‘i\‘i'TL!‘U']‘Llﬂa’NLLﬁg‘Ui']ﬂ{‘]L‘lJuall Awdsenau 4-

60c nquyAraingAnssulilin1svnsay WoINYARALALALAEINTANILFAEILUTINYE

Wed 809 N TULHUANNGNIUNTBNFRY WilleNquyARaLALaIUiUAIE AN SIiuty

1% 8 v [ Y v 1 7= DR 4 1 [y o | A
PEAILEITT YlAndsunssnAoeiAtesituiu nMwusenau 4-60d LanIAIWALNT

n1sgneesndnanssuilidnisnginssunisvnsies 3skiusingdvesdiwnuanisvnsios

Weasnnwaseunisensestesninamsaleasn wazldnmazsiunsivuaniAigegnues

NaIUNSENALlLLAaLNTLYE9NANTTY NFINALTLANEIUNTTNABLNLAIUBENIN 1

NINBUNA
(@)

Fnla/nsy

1/102

AMNAINUTNFDY

2/79

40

N9 MFM
(b)

60 80

100

NANUTNA DY
(0)

120 140

160

A1SHSIVIUYNABEY
(d)

180 200




141

ANNAIUTNFDY

3/64

ANNAI U NFDY

a/76

ANAINUTNFDY

5/13

ANAINUTNFDY

6/22

AMNAINUTNFDY

0 20 40 60 80 100 120 140 160 180 200

0 20 40 60 80 100 120 140 160 180 200

0 20 40 60 80 100 120 140 160 180 200

0 20 40 60 80 100 120 140 160 180 200

AMUTENBY 4-60 NNFIBENNIATINTUNITBNABEMIEYATaNA BEHAVE Aanssusauly
aulanu (a) sandmealiallusiiunuansa (b) WRUATNWSNIU MM, (C) WNUAINNSNIUNT

Ineoy (d) ALrusNin1sunme



142
4.3.4 nsuszifiudszinsninnisnsiadumsenseslunguynana

MNMIVAABUNINTIITUNNTYNFDEMIEYAIAlE NUS-HGA wag BEHAVE 7
Usznaume 6 Aanssu laun nisvnase (Fight) nstiulaauladu (Ignore) nstAuLtnnI iy
(Gathering) M3BuAAuAY (StandTalk) MaiAudungu (WalkinGroup) waznnsiadung
(RuninGroup) Fsannsalsifedanaldhmanugniesesiinnaiauegfuruaniauazeaim
salgas 91nmIneaeTuInTesnIaTiazaNde Avunanuniiweseuluduiug d
wandafingaufugeinledne niavunn 12 inwauazAunsaleadian 0.8 wazasld
Receiver Operating Characteristic (ROC) LﬁaﬂizLﬁum’mgﬂﬁ’é)waﬁ%ﬂﬁﬁ %3 ROC YN
Funilussiumsuvendudmiugaifle NUS-HGA fimansaivnses (Fight) S1uau 75
AAv (10,012 wisy) wasmanIsaidudIuau 150 AdY (23,627 5w uazdmiuyninle
BEHAVE 7dumnnsaivnsies (Fight) 19 AdUIRLe (1,751 insy) Lagimgnisaidus 130 Ay
(26513 Wisa) agldiAn ROC Tluaaslunmuszneu 4-61 Ganmuszney 4-61(a) uandAiaAdy
ONABIYDINITNTIATUNITINABYMEYATOUATALD NUS-HGA iy 0.975 HA111nAT0
sAe [8] AfA ROC Wiy 0.89 mu%’aﬁmmiaﬂ%’wqqmmgﬂﬁmmmm%’ﬂLam
FuTuld 8.5% wazamdszney 4-61(b) ilunamnaeulunadayndoyainle BEHAVE fen
ROC Wity 0.94 Fsflesnnniviinsvesnidde [31] Addenugniesvesnanisalunses
Uszaal 0.83 §933n15veseuidedanunsaifiuninugndes 10.4%  asdunaldi
UsyAvEnmuennuideifinaaousininle NUS-HGA fanugndesnnninsmnaeudae
iinle BEHAVE anvmiiiesann Jyminanas arwaudavesnine wagdideveayanaly
awadetuiiuvdaresnm
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True Postive
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Our : 0.975
Ref. [8] : 0.89
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AMUIENBU 4-61 UandA1 ROC dm3UN15AT19TUNI5¥NGee (a) nadeumeynioyainle
NUS-HGA (b) nageumenageumeynieyainle BEHAVE

4.3.5 &5

mATelutdeilfihiauensasafunsunseslunguyanalasld Tuna
MFM_ ﬁasjuuﬁjugwummmiﬂg‘jﬁmﬂ’uﬁ‘ﬁ’uiwdwﬂ&jmmﬁa FangAnssunsundesazgn
fmualagndsnunisendesseninnguyananiufduiuiuluiansmssiudiu lag
ninuilazananeswinealnaifiinduannmaadouiivesnduyanamairadulies
WHWUNTVNFARY NTARFULMANITIINAREIE NS INUNMTINFIREgNTAN ST U VAN TE
Teaddandsrunmssnsosvesiuniidlagnidnsaleadasiomunisiudusiumeia
nswnsiee seULAzgnUsEliumensiiumaaeuiugnteyainle 2 ¥l Aa NUS-HGA wag
BEHAVE wannsnadsuaunsauiuugannugndeslduinnitenddoiiu 10% deiAiainy
gnAeIUTELIM 0.937
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4.4 uan1MAgaUN1TIINMIMIallunguyans

Tutdethinauemsssmgnisaflunduyaraiiusenoude 6 Aanssu ldun
loun nsiaulaiaulaniu (Ignore) nsiiiudvniu (Gather) n1s¥nsieg (Fight) NMsduyaneiu
(StandTalk) mstiutdunga (WalkinGroup) waznis3adungy (RuninGroup) fentsi
Tuwna MM, Aduilaeslusedusi undszgndldlunisisfanssusiufuiitaeslusefugs
iieliannsaiinfanssulunguyana Adnuaziamzvesnsindeuiinazdmnududeunin
3 Inenagountsiiansaulunguyanadananadeyndeyaiile NUS-HGA way BEHAVE

4.4.1 N15USLLUUNITINNDSENNSUFUNS

founzyitn1snaaeuyavayaifleiain Iedeainisusaidunsdmesiy
= v A = o o & = § W S = & <)
aun1s e nagsesma v ganiaatudmsuns 3 Masindenu Feaasimantazidu
A MUANGANTTUNSIATOUNVBINGUYARGA TSN YUBLaN 12019035 FaTiaa391a 3 ¥iln
Usgnaume fllaeslunisinfeuiuuungy Group Motion Force (GMF) #iaasvednis
dl' A a av o 6o . . )| 4 o A a
\AFeUTWUUIUAFTUSTY Interaction Motion Force (IMF) Uagiliaasn1siAdouiiideauin
WA Reciprocal Motion Force (RMF) n1susgifiumisnfiwasluaunis asldyninlounsdn
Y89 NUS-HGA dataset 311431 100 led s 6 Aanssuwastisnnatayadiuiu 100 sy
I a - a YA Y a - o Yo
AofanssuieUssliuNaans Ilar1imUs ky ky Uag ks Munnzay Weagdunldiu
AuN159a 3 WS

1) msfiwes ky dmsuileeslunisindouiluuungy (GMF)

Tuund 3 Iiaueaunsdmivnismiaeslunisiedoudivuunguii
W15meF ky amannng 3.18 FangAnssumisiedeuiiveanguyanalung azilaau
memﬂﬁwﬁuagjﬁumﬁumi k,fauanslunmuseneu 4-62 axiulddn kydlotidunnTuaysl
wavilvinsiedeuiivesnguyaradnivaiiuniedsluiiamadetu esanyuiideavy
(Angle of Deviation) fidtfesluvaisil k, flrtiesas aziavilvinguyanadnilvg)indoud
Tufirmsdarunsedanszaeinniu Wosnyuiidesuudann
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Group Motion Force

1 R

Internal parameter of GMF, k,

-k, =09
-k, =12
——k, =18
— i, =30

] % Angle of Deviation
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AMUIENDU 4-62 UanaA1 GMF LUSeuiisuiuyulidesuuiiemnisnimes kakansneiuy

M99 -3 UansANAINYNABIYBINITFINAINTIIYBINGLYARAMIBAN K,
ntleslummnnwindu 0.9 1.2 1.8 uay 3.0 anmsauansliifiuin aernugniosgaandile
nMsMaaesEe We k, SAWAU 1.2 Feeaindlunisnaaoudieaunis GMF el
Huenfmngasdniusudsluaunis GMF

AT 4-3 UAAIANANNNABIVBIHANTNARBIE MU GMF e duus ky uansaii

Ky 0.9 1.2 1.8 3.0
APNQNABY | 55.60% 66.70% 52.40% 38.10%

2) W158wes k, dmsuilaesvenisadeunkuuUfaunusAu (IMF)

W1HResuauns IMF AoAmns18imes k, Muaunis 3.20 weAnssunis
Uiduiustunelunguyanaiiuandneiu Suaunainaduys k, dauansdunmiszney d-
63 1il0 k, fenannTuiinarilvnginssuvesnguyanainsufduiussulunguunn uay
Tumanduiiu e k, fierfesatuansinsuiduiusiuamelunguiiries

Interaction Motion Force

Internal parameter of IMF, k,

——k, =12
-k, =18

k,=3.0
-k, =40

Angle of Deviation
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AMUTENDU 4-63 UanaA IMF lWTsumeuiuyaiesuiilonsiuls k, wansiaiu
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M5 4-4 UARIANAINONABIVDINITIINGANTIUVBINGUYARALIIRAT Ky
fiAn 1.2 1.8 3.0 uag 4.0 wiulddAImugnaeswes IMF azdiangegade k, dawiidu

3.0 fedoduammunzautazlunisnegevazldadluauniseiuin IMF aolu

ATV 4-4 HANTNAFBUAMIU IMF kansd1Augnaauileaiiuls k, ananeiu

k;, 1.2 1.8 3.0 4.0
AAUYNADY 61.90% 66.30% 77.80% 44.4%

3) W1513L0103 k3 S UTL9INISLARDUTLTIVUIANUT (RMF)

W1silmesluauns RMF A ks auaunis (3.22) nuiulnaltlunqudesd
1 [y i A a = < V1 Aa
ANUUANAINAY AUAITUAEULUAIYY ks BI9INNMUTENBY 4-64 2LUleIT kg NEAT
< | A o ' ' Aa 1 v v & o { 1 A
1 Wunsusdtsdnulnadlunqueesniirdes waglunenduiuiwulnailungudesy
unTuile kilpogas

Reciprocal Motion Force
1

Internal parameter of RMF, k4
0.8
—— ky =05

0.6 —-— k=08
ky =12
0.4 — k3 =20

0.2

0 Number of Flows
0 ] 10 15 20 25

AMNUsENDU 4-64 LWansA RMF LSsuifisunudnuiulnadilemminds ks uwananeiu

M1597 4-5 UARIANANHNYNABIYRINTIINNINTIUNGUYAAALIDMILUT k3
A1 0.5 0.8 1.2 uaz 2.0 91NANINAAMIINGNABIZIgATLATD ks AU 0.8 Faduen
Wiz audmsuaNnNS RMF

al
4
o
N

M5 4-5 LAAINAAIAINYNABIAINNITNARBUANNTT RMF LafauUs k3 deuwansineiu

ks 0.5 0.8 1.2 2.0
GRGPRFHRTIER 33.30% 66.70% 44.40% 33.50%
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4.4.2 wan1agauneyadayadnle NUS-HGA

v

nsvUsEansnmuesdanesiiuvzUssiiulagldyndayaifnle NUS-HGA (8]
Faaulasuvinedouisnadsalus vhnstudingedeyaimeiiduianssuvesnguyana
flagnanauds Uszneuse 476 Iletinguyanadifuaindn 4-8 au 6 Aanssu len nsifiu
wuuldauladu (gnore) MsiAwd AL (Gather) n1swnses (Fight) AMsBuyAAuiy
(StandTalk) maiiuLdungs (WalkinGroup) waznsiadungs (RuninGroup) d1duseluas
Junanisnaasunisiafanssuveanguyanadail amusznou 4-65 Hufogienanis
NAABUNITIVINANTTUNIIUNABVRIYATALE NUS-HGA  usiazAedutlsenaunie
AMNUTENBU 4-65a WNUATWNNEIU MFM, s?fqLﬂumsLLamWé’Nmmiﬂﬁﬁuﬁuéﬁvﬁuﬁﬂ il
m@miszmmaSﬂauumamqummmmimLwamaawﬂwwawu MFM, Sengeasusnngdida
viounsluununmdsnu Ssaziansendesidunnsimesinle mnldfinsundesiiaiy
nasuazdimdosununmwnasuazusingilud@ides #h awdszneu 4-65b Wuununn
W10 IMF FeRanssunsunsdesazdannnidesniniinisujduiusiuuufiamansaiu
T wazflm LN U Uz UTINg Juduniouns nMUsENOU 4-65C AR
LHUAWINE GMF Ansiedouiivesngulvladiiudiuauunn vildemdaanu GMF i
1N weunndsuagsng duddundeuns uitheundouiiissaudeiiazdl GMF 7
tovasununmwnaanuazusngiludidemsonn nmusenou 4-65d LAAIUNUNINNAIIY
984 RMF iflosanniinisindouiivesiilaiidudruumin vilvdmdsaiu RVF dantes
wnunnnasuazUsIngiludideanson nsadiuaisesnindredradunisuansen
WaULAALgIaR 64 ARBINTNVDIAMAIIL IMF GMF wag RMF swd1sy 1udiege
wlsunmiuans Sandau IMF uaz GMF veafanssuvnsesaziliiganit 1 daundsau
RMF agfiintfosdaionndn 0.5 uazluudnailifnamnnisalvndes RMF aziidigaiedain

Taifinnssaudnuynmoe

1/14

= Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
%(—-; Force Motion Force Force

© (a) (b) (©) (d)
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ANUTENBU 4-65 LAAIUNUATNNANUVDS () Wa1U MFM, (b) GMF (c) IMF tag (d)
RMF lusgaugeuasisnis IMF naaeusigyninle NUS-HGA fianssunisynsios

< Y 1 Yo a a IS '
AMNUIENBU 4-66 LUUAIBENHNANITNAADUNITFINNINTIUNITLAULTUNGY
YoYAIALe NUS-HGA usinzaoauiusenaume nnUsenau 4-66a bHUNINNEI1Y MFM,
Fudunsuanandasunisujduiusssaua esannquyanaiulumaiediuiangud
Tadiindudruruuin Mlindessnu MM fA1a99sUsngadunslulbnunInngaany
AnUszneu 4-66b tHuLnun NS IMF Feazdiartesazusingludilismsetivuy
LUl Wesannguyanaliinisuduiuslufiaviansaiudin nmusenay 4-66c wans
LHUNMNAIY GMF - Aflnsiedsudivesnqulnaivionguyanaidudiuausinyiiliag
WA GMF Tanunununmndasuagysngiluwns MmUsenau 4-66d wanIwnunIm
WAI9IUYD9 RMF AMNE991U RMF azdlmdesununimndssiuazusng dudifiomso
= = A = ¢ @ o 1% i v ' & '
\Wewndnisiadeunvednadidudiuiuuin nsvduaisvesnindiegradunisuanse
WaULRGEgIEn 64 ARoTUYeY IMF GMF uag RMF suadiduidudiegnansunind
LAY Fanasu GMF vasfanssunsnudunguaziianlndifies 1 weaindn 1 daunasanu
IMF uag RMF 9ziirtoedeioand 0.5 wialndifes 0 uiluuisusnaiauauliniznguriv
L A a 2 o § v a X vy
Wunazdvwanyinly RMF denasdula

(a)

a/73

(b)

(0)

= Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
%(—-; Force Motion Force Force
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(d)
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= 08 1 IMF
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ANUTENBU 4-66 LAAIUNUATNNANUVDS () Wa1U MFM, (b) GMF (c) IMF tag (d)
RMF Tuseugavesddnis IMF nadeusieyninte NUS-HGA Aanssunisidudungy

AMNUSENBU 4-67 LﬁuéhaEmmamsmaaumijfﬁi"lﬁﬁmiimmﬁuﬂumjm
YoYAIALe NUS-HGA usinzaoauiusenaume nnUsenau 4-67a bHUNINNEI1Y MFM,
Fadunisuananasunsufduiussesaun ilesnnquyanalesaeauiauinlunig
a % gj 1 o ¥V U = = %
Wweatuianguinlingsau MAM, IAraeazusingduaslusnuninngsany andseney 4-
67b tHukNuNNNAN IMF nauyamalidiinisufduiuslufiamiemseiudy vilindsauy
IMF - fifdosazUsingidudiTuansefivuununing nMnUsznou 4-67c UAAILNUAIN
WAWIU GMF Diimsiedeuivesnguivainionquuaaaidudiuiuuin vliaindsaiu GMF
a0 U [~4 a YV = U
TANMNUHUNNNSIUALUIINTUAFUNST OUAT NINUTENOU 4-67d LARIWNUAINNEINY
999 RMF A&y RMF azfiadosununinndssuazusingludiliomsed iesend
N15ARa UYWL TUTIUIULIN NFINATUEIVDININEIDEINTUNTUAAIAINA I ULRRE
3380 64 AREIsUTRY IMF GMF waz RMF snudidulduinognamlsuniniiuans Fandsanu
GMF wasianssumsIndunguazdianlndifes 2 weaind1 2 drumdsau IMF wag RMF 9zdl
v = v \ = v T a a a | D o A A ~ I3
Ateedeiaandt 0.5 v3alndiAes 0 wiluuusnanawauliinignquiviunasdauiadn
it RMF drnaeulel

= Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
%(—-; Force Motion Force Force
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@ (b) © | @
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AUsenau 4-68 Lﬁuéhasmmamwmaaumiiﬁi’ﬁﬁmﬁuma@ulajauﬁlﬁ]ffu
Yo3YAIALe NUS-HGA usinzaoduiusenaume n1nUsenau 4-68a bHUNINNEIY MFM,
Fadunsuanimasnunisufduiusseaumm Wennguyaraseausinaulugndining
YoIRULBII NG MFM, Sifurunansazusingdduluskunimndasnu nmdseneu 4-
68b LU UATNNEIY IMF wiazyaaawaulaglafinsufduiusluiiamenseiutuiugdu
o ¥ [ a v <3 a a G n’lj
inlindasu IMF dadesasusinguludilemsoruuiauning nmusenau 4-68c Lans

U d‘d dl' f-:ll 1 6 1 o Yo v} a0
WHUAINNEGNIU GMF NifinnsindounveangulvalvesusazyanavinbirIngsu GMF Je
UIUNARUNUAINNE 11Uz UTIN L DUEdEN A MUsEneU 4-68d LAAILNUAINNAI YD
' o A o < ~ ~ a a

RMF AW83971 RMF 28dlA1dnnkiunmnasuazysing Judund iWesainiinisingeuives
Taddudules nsiuaiwenmimedindunsuaniangsuaiogegn 64 A1me
WsUYD IMF GMF ag RMF auaidutduseg1amlsun1ninans J9ndeenu GMF 499
Aanssuiuliaulatuaziianlndifes 1 @rundssu IMF azflanlndldes 0 wag RMF 9edlan
ThaiAes 1 1NN
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nmUszneu 4-69 Wumeganan1snaaaunisisnanssunsnudmiiu
YoIYAIALD NUS-HGA usiazaoduiusenaume nnUsenau 4-69a bHUNINNEIY MFM,
Fadumsuanmdanumsuifuiusseiui nquyaeatiudmiuiiodunguiininaiiiu
Fruunnedeudidmduilindsenu MM, SA1Uiunatsassingduaclutaunin
WAWIU AIMUTENBY 4-69b LTUMNUAINNGSIY IMF nquuanaUfduiusluiianieasaiu
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ANUTENBU 4-69C UAAILNLANNGINU GMF Pinsindeufiveandulnlaivosnguyanasin
TAAIME GMF dageununinnasnuasdsngluduns nmusenau 4-69d wang
WHUNTWNENIUYDS RMF AMNE391U RMF agdiidosununimnassiuazusngidudidemse
i esniinsideuiivestiladiiduduiumn nsmduasweanmiogiadunisuanaei
wauaRegIan 64 ArelsuYes IMF GMF uag RMF auddududusegamsunind
LAAY BN GMF vesfanssiudvniuszdalndifes 1 vieunnindntes dwu
WA IMF 9zdianlndlAes 0.5 wiounninaniesuas RMF azdalndides 0 nislnalfss
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ANUTZNDU 4-69 LAAINUATNNAIIUTDY () Wa9U MFM, (b) GMF (c) IMF wag (d)

RMF lusgsugauasisnis IMF naaeualgyninle NUS-HGA Aanssunisiaudnmiiu

niUsEneuU 4-70 WM 1INaN1TNAABUNTIININTIUEUNAAL TUTD YR
9o NUS-HGA usazaadutiusenaume Anusenau 4-70a wHuNwndaany MEM, 1Junns
nanandssunsUduiussysuin nuyaradunaneiusonisiedeulriiiiivadntes i
Tindau MFM, Sanlesasusingdidevzeiilubauninndssu amdszneu 4-70b 1Ju
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WHLANINEIU IMF nuuaaabiinisufduiusluiianianseiudiurinlimdasu IMF 867
fopunaulaiUsngAvuununIng nwUsEnay 4-70c KARMKUNINNEIIIU GMF fidin1g
indeuiveanguliaivesnguyanaiisadndessinlidndan GMF fiddesununim
nauazUsInudilemseln MmUszneu 4-70d WAAILNUAINNAINIUYEI RMF @1
WAU RMF 2gilrsnnununivmdssmazusngidudung ilesannuiasuunsyanaiinng
indeuiAnlnaidiuiuies ieurumsuiiyaaalifinsindouiivililidamassnu RMF
nsmsnuasvesn i dunsuansAmdsnuedsgian 64 Adellsured IMF GMF
uaz RMF audrdudadusnegiamsuniniiuans Sandsau GMF vasRanssudunaneiuay
felndiAes 0.5 n3uINNT1 @wndanu IMF azlienlndifes 0 wag RMF agdialnaifes 0
Soyanalifinisiadeudl nielndiAes 1 Wefinmsvdusudntesiind uulnaidndes
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AMNUTENDU 4-70 LAANUNINWAINUYDI (3) a1 MFM, (b) GMF (c) IMF wag (d)
RMF lusgaugeuasisnis IMF naaeusigyninle NUS-HGA Aanssunistunanuriu

4.4.3 n13UsEuUsEANSAINNTIINGUYARATINATaUAIBYAIRLE NUS-HGA

NNANIINAFEUNINTTIUSsULIBUdana3An MFM 1835019 Localized
. = & o ax & g vee a ! Aa a a v
Causalities [8] Fududanasiiuiusnildfnwmgnssuvesnguynnaniussansainmeyn
Toua NUS-HGA Tngldiduitinisfinmiunisindioudn (Trajectories) Wudeyadunauazunu
s:l' Ay  aa a s Y o a P a 1
NsiAfeUnILATNeaTiawmes A1ANYNABIYBITANDTTIN MFM MUSsuligume LC uans
lun15199 4-6 AnAugNAeIveIdanaIiy MFM  dalndlAes 95% Fagandn LC 27
Wesidud n3e 20 percentage point luusiazianssy MFM dA1Augnfvegand LC N
AanTsu AANgndesfisigaues MFM windu 89.80% AefAanssumsidudungy (group
walking) luvaiziiAanssudugMivdeildaugnieaninnit 90% sane3iiu MFM fiwaun
LLamﬂmmmmeﬂmawmLﬁ]ummﬂimmimmmmﬂu (gathering) (MFM A313Qn#A®3
92.95% wiiaLisunu LC 40%)
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M1TN 4-6 UARIANAINNYNABIVDITANDTNL MFM (iguiudane3iiu Localized Causalities
nlyntoyainle NUS-HGA

Activity MFM (%) A Study using Localized
Causalities [8]
(%)
Gather 92.95 a0
StandTalk 95.05 89
lgnore 98.32 64
WalkinGroup 89.80 74
RuninGroup 93.56 89
Fight 96.00 89
Average 94.28 74.16

AnUsENaUN 15 Wand confusion matrix  FuJulunaIndALansan
¢ & v Yo a ] s & ocaa Aa I

WosIIUAAIINNADY YBINTT3INNINTTULALLARIANUBILGUANHANAIR NAANLTY
Aanssudug anume3ndlianssunisidudungu (group walking) wazni1sialungy
(group running) asfiAnuAaNaIAluNsITLNTign tufe 4.4% vesnisialunagy (group
running) %mmmmwLiJumimuLUUﬂam (group walking) Tuveuedi 6 9% maamimuLUu
n&x (group walking) aﬂm’nﬂﬂmumimmuﬂam (group running) \flosanaesianssuil
QNUENAIULANF1IEAT GMF it

Confusion of Activity Recognition on the NUS-HGA dataset

Fight

RunInGroup

WalkInGroup

Ignore

Gather

StandTalk 0.00 1.32

Q‘QQQ «@QQ ¢
R

AN
AMNUsENau 4-71 ‘Confusion Matrix’ 989 MFM nadausnie NUS-HGA dataset Lan
YILANTNINUDITEUU
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m‘wﬁ 16 wa@nang1W ROC (Receiver Operating Characteristic curve)
FENTNAITATINAUINGTY (true positive rate) WazdnswauInUasu (false positive rate)
WiowssuiflsuUszansameesmsuenusazianssulumiddei nsmlvesdenssalaidnlng
msdedign (Adnsmauinasadlng 1 uazdnswavinvasudilng 0) uansinlusunsy
aunsausnianssuduldegefivssansam  Feannnmianssunisiausuylilaulafy
(ignoring) fiUszansnngaanuaznisiAmdungu (group walking) ﬁﬂizﬁw%mwﬁﬁqm

True Positive Rate
o
o ©
w N

Fight

0.88 s RunInGroup
‘WalkInGroup

Ienore

0.86
e Graither

0.84 —— StandTalk

0 002 004 006 008 01 012 014 016 0.8
False Positive Rate

AUsznau 4-72 wanansam ROC (Receiver Operating Characteristic) ¥848ana37ii MFM
NAAUAIELYAIALD NUS-HGA

4.4.4 Han1AFaURIEYAtaYaIAle BEHAVE

o

Werdunisiiunsmegeuanugnsisavesdane3fiy liugainlodmiunis

naasulagldynifle BEHAVE [63] Faimuilnsuniinerdeionuidsn Feyninled

9
[y

Usgnausme 163 3ate 10 Aanssu aun n1stiuuaeiu (Meet) nstauuanainiu (Split)
n1333ldmu (Chase) matiumufiu (Follow) mMstiuidmniu (Approach) msiiuliiaula
fiu (Ignore) N3BuWARBAL (INGroup) MsIAMTUNEY (WalkTogether) nnsaidung
(RunTogether) Lagn1sunees (Fight) egelsAnuaziden 6 ﬁﬁ]ﬂﬁwﬁdﬁaamﬂé’aﬁum
Toya NUS-HGA waznswSeuiisu fie n1ssduidimiu(Approach) nissauldaulaniu
(Ignore) n1s8uraiulungu (InGroup) naiiudungu (WalkTogether) msiaidungy
(RunTogether) 1H ﬂ’]ﬁiﬂﬁ]’e}ﬁ (Fight) FUHUNNNENLITUANS MFM, GMF IMF wag RMF
dmsusia 6 Aanssueil

AmUsENaU 4-73 UM INan1INAdaUN1339INaNIsNTINHOLUBIYN
AAle BEHAVE usazaaduulsznausig amUszneu 4-73a WAUATNNEIIIU MFM, eszdu
m'utLLam‘waNmmiﬂgauwuﬁsvmum Luammmwﬂmaaﬂaumﬂammmﬁmvawaumﬂau

%i@‘ﬁﬂﬁ]aEJIﬂiJ’WNﬁ@QﬂMLLﬁ’J’N%MI@EJVLQJSJﬂ’]i’NL‘U’W‘Vﬁﬂ‘LJﬂ@‘UG]@EJLM%JEJUSQW]@I@ NUS-HGA
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wifinsiedeuiiianguyiilindaanu MEM, Sidngeagusngiundduusmuninmdsny Seasiin
msvnseeiduunatisesiale amuszneau 4-73b WuuKLAMNEIUN IMF Fsianssu
nsvndesaziidnnniilesniniinsufEuiusiuuuuiianansaiudng ununmwdsauay
Usngududduniouns udnisendesaziintuanizurunazunvosiendos Jufinng
Uﬁé’mﬂ’uﬁ‘ﬁmwuﬁﬁmamaﬁ’u%’mLi‘;luﬁ”uﬁl,ﬁm ANUTENBU 4-73C LAAILNUNINNA Y
GMF fifinsindouiiveanguivailulufiammafeaiurinliamdsanu GMF feannusunm
nauazsIng JuAuns MNUsENoU 4-73d WansiNuAMIEsUYes RMF Lesaniinng
indouiivedlnaiiud i lirmdsau RVF fadesununnndsnuazusnguua
Jemeih nsmisuanswesnwinegafunsuaniindanuadegega 64 Adelnsuved
IMF GMF uag RMF snuddutduiognansunmiluans Ssnwdaanu IMF waz GMF vos
AanssuvnsesaziiAiganin 1 daumdsanu RMF azdiddesdedandnlng o winsdiiyaaa
\douilfissaufntuimindsanvnsde RMF axdiang

- Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
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nilsgneu 4-74 Wudegananisnadeunisiinfanssunisiiudungy
yosyaIfle BEHAVE uiavaedutiusznouse nwusznau 4-7da Luuamndssms MFM, 39
Junsuanmdssunsufduiussedun asusingduadlunkunimndsnuiesnnngy
yaratiulumadoasuienduiivafifadusiuaumn  irldndaann MEM, dage
amdszneu 4-74b Wuununnndau IMF asusing dudideamseduuuaunini
desnnguyeealiifimsufduiudluiimnemsafuiindeinlifidnios mwuszneu 4-7ac
LARILHUNNNGI31U GMF Ainsindeudivesngulnlaivienguyanaifudiuiuunn vinlsien
WAWIU GMF TAnununmngsuazysinguluuns n1musenou 4-74d LaAILNUNIN
waaues RVF lesainiinisiadeuiivesiaiifudaunndmdany RMF azdiantes
wnunINNdsuIzUsInQludidiemsen nsdiuanswesnmimegianlunisuanann
WEIURABEIER 64 ADINTNYES IMF GMF uaz RMF sudrduifusegnamsunmi
uana Bandaanu GMF vesfanssum s dunguasdidnminnit 1 daundaanu IMF uag RMF
flenlndilAes 0 wiluunnsdlyaraindeuiliinmenguiu viliAnngugosdvunadniivils
RMF difnga

- Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
%(—'; Force Motion Force Force
o
(a) (b) (@) (d)
LN
<
>
g IMF
& i ‘H GMF
=
-& 11 L IV E B Rl RMF
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ATNAIU
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5/70

IMF

GMF

ATNAIIU

6/95

IMF

GMF

ATNEI9Y

RMF

1 Ul ,\WA"
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ANUTZNBU 4-74 LAANUATNNENIUVBS (a) WA MM, (b) GMF (c) IMF ag
(d) RMF Tuszaugeuasidnis IMF nageusieyninte BEHAVE Aanssumsiiudungy
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amUszneu 4-75 1HufegeranisnaaeunisiiiAanssunsindungs
yosyaIfle BEHAVE uriavaeduiiusznousieg nwusznau 4-75a Luuamndssms MFM, 39
Humsuansdanunsufautussedui unngauaslumunmmdsnuiesainnguyaaa
"TiﬂLmzmjulﬂmqLﬁmﬁ’uﬁﬂﬁwé’wu MFM_ fiA1ge MMUsenau 4-75b [uununInna s
IMF nquyaea i sufduiusluiienisnssiutng ilnlademasanu IMF amdseneu 4-
75¢ WARIUNUNINE391U GMF Aidnsindeuiivesngulnaivienguyanatiudiuiuuin v
TAmasu GMF Zansnnuanuninndnuazusingidunns awdseneau 4-75d wana
WHLANHAIIUYDY RMF ATWEI9Y RMF aziiandosununimwasiuazysing dudidemse
fiflosndnsiadeuiivestiaidusiuauinn nswduasesninsiegadunisianasn
WEIURABEIER 64 ADINTNYES IMF GMF uaz RMF sudaduifusegnansunmi
LAn3 Bandaau GMF vesRanssunsiadunguaziidnannnit 2 dundsanu IMF uag RMF
sdienteslnalAes 0

- Low-level High-level High-level Reciprocal
e
g Momentum Interaction Group Motion Motion Force
%(—'; Force Motion Force Force
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ANUTENDU 4-75 LAANUAINNAINUYDI (3) a1 MFM, (b) GMF (¢) IMF wag (d)
RMF Tuszugavesddnis IMF neaeuseyninle BEHAVE Aanssunsiadungy

MwUszneu 4-76 Lﬁuéhashmamwmaaumiiﬁi’ﬁﬁmﬁuﬂ’maulajauiaﬁ’u
Y83YAIALe BEHAVE usingaaauulsznausie nnUsenay 4-76a WUMNNEIUY MFM, 89
[~ [ a o Y4 [y 6 (v = v a0
UUn1suananasnunsUFuRusseaum wNunmndaany MFM, asUsingaduuiaaiinnuiu
d' QII | Qll v vya a o 1y & o yd‘ [~
na1eanNnIsiafeuiveudavuananlilaiujduiusiugau nmdseneau 4-76b 1Ju
Y & A oa = A ' a P Ay o ¢
WHUANNEU IMF 9zUsing udideanseih Wesminnauumaaiiulagliin1sufduius
lufianesaiudiuiugdu vilindanuy IMF da1des 2MwUsenou 4-76c WaRIUHUAIN
[ [<3 a v z-i" a0 [} d‘ a dl' d' | I3
W& GMF azUnnguuadugadidindnuliunaisiaininisedeunvoingulvaives
WiazyAAa NNUTENBU 4-76d WAAIUNUATNNEINUVBY RMF ATNEIIU RMF 2gdlAun
o & = ~ 44' a ¢ & ° v
WHUATNNAIIUAEUTINYLUUALAS Wegandinisieasunvedtnatluduiutey nsw
Auavesn e alunisuansAmaueiegidn 64 AReLNsUYeY IMF GMF uay
RMF anuasrutdusna g1 ansunniinans $anaaanu GMF aesfanssutdullauladuaziian
ThatAes 1 ¥3811NN7N @UNFIU IMF azdianlnatAes 0 way RMF aziialnasAed 1 %150
FUaTalalols

1/70

(a)

(b)

(0)

= Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
%(—-; Force Motion Force Force

o

(d)
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ANUTENDU 4-76 LAAINUAINNAINUYDI (3) a1 MFM, (b) GMF (c) IMF wag (d)
RMF lusgaugeuasisnis IMF naaeusigyninle BEHAVE Aanssunisiauliauladiuy

MwUszneu 4-77 L“‘L‘Juéhasmmamimaaumﬁiﬁﬁaﬂiiums@m%’wmﬁu
YB3YAIALe BEHAVE usingaaauulsenausie nnUsenay 4-77a WuUMNNEauy MM, 89
LﬁumiLLamwé’NmmiUﬁé’mﬁuéizﬁw‘hﬂﬁﬂgLﬂuﬂzjuﬁumimmumwwé’wm USIUNRY

a ¥ [y d" [ 1 a 6 o o dll QII ¥ [ ) v [
ypraiud I iuiedungy wasinliadidudnnuinnedouidimiu inlindsnu MFM
fifnun A mUszneu 4-77b 1uwnunwndsey IMF azusingulunguaduuunauning
\HesnnnguuanaUfduniuslufienanssiudiuiuddusmeanusadng vinlindsenu IMF 3
AIUNATS MNUTZNDU 4-77C UAAIUNUAINNE Y GMF 9zUs1ngLdudunsiiiosainnis
r-ﬂl nll 1 I 1 I~ ] Y [ o Yo v} a0

wndeunvaIngulnaivasnguuaranaieilugeinquivaitimiiu vilarIngs91u GMF Jein
170 ANUTENBU 4-77d WAASHUNNNAIUVDS RMF ATNE397% RMF agliantiaeunnaull
Usngd wlesandinmsiedeudivedliaidudiuaunnn nsmauaseesnmimegindunis
LAAIANNEIULRAENER 64 ARBWIsUTeY IMF GMF uag RMF sudidiudadusegramisy
APNNLENS FINSIUY GMF U2INNTSURUININUAZLANNINAIN 1 @IUNSIU IMF 92dian
TndLAes 0.5 w3awnnd waz RMF azdlalndiAes 0 usn1ssaunguiinlilnaifowinianas
it RMF drnaeulel
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(b)

(0)

= Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
%(—-; Force Motion Force Force

o

(d)
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ANUTENDU 4-77 LAANUAINWAINUYD (3) Wawa1 MFM, (b) GMF (c) IMF uag (d)
RMF lusgaugeuasisnis IMF naaeusigyninle BEHAVE Aanssunisiaudnmiiu

nilszneu 4-78 Wuimedanan1snadeunsiananssuBunaneiuvesym
3o BEHAVE uiazaedutiusznousie amusenay 4-78a unun1mwdsaiu MM, Fadu
MsuanandaunsU ausseaui axusngddewdoilumuammdsnuieaainng
yaradunaneiusonsiedeulmdufisndntdes vilindanu MM, fidfos viendu
umpananeiulaeliadudnibilidamdsnu mmdseneu 4-78b Wunnun nndsany IMF
nauyamaliinisufduiusluiiamanssiutny sihlldfendsay IMF amdseneu 4-78c
LAAILHLAIMNEI GMF Aifin1sirdeuiivesngulvlavesunsyanatiisadndey vinlven
WU GMF Serdfpsusunmndsnuazusnguiudidemdeih viedyanaliinsiadeud
/M MLUING 191U GMF 7MUsenau 4-78d LAAILNUNTNNEIIUYE RMF a1ymnaliiings
indouilagililiindsenu RMF udfhurasuunsyanainisiedouiifalnaisiuiutes el
WAL RMF azdiinunnuauninndsuazusngiluduns dunsmituaisweinimiiedi
\Hunsuansimdsnuedegegn 64 Adewlsuyes IMF GMF waz RMF ansdrdudadu
fogramlsunmiluans Jsndaanu GMF vesAanssuBuynaefuazdailndides 05 vie
1IN dundasn IMF agdlanlndlAsa 0 wag RMF agdanlndiAes 0 iloyaaaliifinig
\doudl viounnnd 1 Wedinsuduiaudntes

1/60

(a)

(b)

(0)

= Low-level High-level High-level Reciprocal
g Momentum Interaction Group Motion Motion Force
%(—-; Force Motion Force Force
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ANUTZNDU 4-78 LAAINUATNNEIIUTDY (3) Wa9U MFM, (b) GMF (c) IMF wag (d)

RMF Tuseduganasisnis IMF nadeunigyninle BEHAVE Aanssunistuynneiu

4.4.5 NM3UsEiuUsEANSMNN33NGUYARAINAGaUAI8YAINLE BEHAVE

ynslSeuieuUsEansameasluwma MFM ieuiuisnis GIZ agelsh

mu MaFeuidiswild 4 Aanssuann 6 Aanssu winsiulliaulafuwazFidusetuas
Lifinnsnaaeusieg GIZ 910 4 AANTSUNANINARBINSANEITN MFM Hiaugnasauinni
GIZ 3 Aan3su 9NANT19T 4-7 uaRsAIANLGNABIVETIBANT MFM WSsuiisuAuBnns GIz
og1dlsfinu maIsuifisudeynifledannsaiild 4 immnisaiann 6 immnisal 39
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wnnsedduliaulaniu ( (Ignore) LLavwlﬂmaﬂu (RunTogether) lulmﬂiwiumimaauu
ﬂ’l'iLUiEJULV]EJUﬂ’]iVI@ﬂE]U‘VN 4 wpn5aiil s MFM feheaugndaannndy 3 pnisal
Fanansaliidanugndiesiiosnin GIZ fie msBursiulungu (InGroup) eAadsadny
gndiosves MFM dAnUszanal 93.3% luvaigdl GIZ fiAnUszanal 89.6% 39 MFM flanunsa
fiaAugndestuiniien 3.7 Wosisumanesi videunnt 4% eenugndesiitosdign
¥9535115 MFM fo 88% (upnisalunsen) luvasiumnisalduqidinnugndesnnnis
90% lumanduiu sanugniesnianves GIZ flaUszana 83% udAianugndedgsgane
100% (ns8uneiulungy)

M5 4-7 UAAIAINYNABIVD MFM LUSeulfiguiiu GIZ sigynisle BEHAVE

Activity MFM (%) A Study using GIZ[31]
(%)
Approach 91.07 83.33
lgnore 96.47 -

InGroup 93.20 100.00
WalkTogether 92.04 91.66
RunTogether 98.95 -

Fight 87.94 83.33

Average 93.28 89.58

311 Confusion Metrix 31NAMUIENBU 4-79 31NNTNARBUTANBINUAY
o oy Y & a o v Yo a & a

YAIALe BEHAVE wandliiuianssuniA1ninugneiesgeadnvean1szanfanssuns 6 Nanssy
= a a ! a1 v v a v a
FenanssunTIndungy (RunTogether) dd1augnavslnaiAes 99% M1uaeRaNTTUNIS
wiulsdaulaiu (Ignore) fiA1AIugNABY 96.5% dIUAIAURANAIATAATUIA 5% VB9
a =) U ! = L 1
nanssun1sduneiulungy (inGroup) Usvanal 5% vesnistureiulungy (InGroup) gn
anduindufanssunisiiuidungy (WalkTogether) Tudiufanssunisiduiungy
(WalkTogether) gnudamnuvuneiaduianssunisiadungu (RunTogether) winfiudds
wazsune 4% JuAanssunisBuaeiulungy (inGroup) diufanssunisiiudmiiu
(Approach) gnsinduilufanssunissnsey (Figsht) winiu 6% waziufanssunisiudu
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Abstract

Abnormal detection in crowded scene is an important issue in computer vision. Many researches have studied and
tried to define the phenomena of crowd behavior. In this paper we introduce a novel social-based method for
detecting abnormal events in crowded scenes, called Interaction Energy Force, The method is designed for low
level features without object extraction and tracking. The force modeling based on optical flow fields and its
interactions are defined by an energy force inspiring the energy propagation phenomena that depend on directions
and velocities. An energy map is designed to represent the interaction forces corresponding to events, where the
abnormal events are detected using a thresholding method. Our method is evaluated with the well-known UMN
dataset. The results show the efficiency of our approach with high accuracy, regardless of various conditions, It
is a technique competitive with the state-of-the-art methods.

Keywords: computer vision, optical flow, energy force

1. Introduction

In dense crowd situations, such as walking streets,
concert halls, markets, ritual places and etc., the group
of people interacting among them may increase the
probability of abnormal events. These may suddenly
disturb the convergence or divergence of crowd’s flow
that may result in uncontrollable security issues. The
feasible solution to this problem is to use automated
visual surveillance systems via video cameras for
monitoring the entire scene and analyzing the
abnormal events in the crowd. It concerns the
automatic detection and localization of abnormal
events  within crowds for preventing hazardous
accidents in real time, which is an extremely
challenging problem.

The crowd analysis can be divided in two levels:
macroscopic and microscopic [1]. The macroscopic
level focuses on the global motion of a quantity of
peoples and ignores the movement of a single
individual. The microscopic level concerns the
movement of each person.

The analysis of crowded scenes could consist of the
knowledge from both vision techniques and dynamic
models of crowds. The feature extraction using

techniques from computer vision plays important roles
in the crowd scene analysis. The motion feature is the
basis for the crowd analysis, which can be classified
into three types: flow-based features, local spatio-
temporal features and tracklet features. Flow-based
features are extracted densely at the pixel level. For
optical flow, the motion flow fields between
consecutive  frames are computed pixelwise
instantaneously [2], which is robust to multiple object
maotions. The method is popular for motion detection
and segmentation [3-5]. The spatio-temporal features,
such as the 3D gradient detectors [6 & 7] and HOF
descriptors [8], are generally used to characterize the
structure of object movement in the scene. These
features are widely used in extremely crowded scenes
analysis. The tracklet features are defined by the
trajectories of objects that are suitable for low crowd
density and high resolution of scenes. For example,
trajectories are used for recognizing the human action
[9] and learning semantic regions [10].

For the dynamic models of crowd, many researches
have studied of how/where crowds are formed and if
they may exceed the critical level, which is also used
for modeling of crowd behavior. The crowd dynamic
could be divided in two major categories: continuum-



based approach and agent-based approach [11]. The
first approach is physics inspired models [12] where
the crowd is treated as a physical fluid with particles,
statistical mechanics, thermodynamics and etc.
However, these methods can detect the group behavior
while the individuality of each people is ignored. Inthe
second approach, the movements between individuals
in the crowd are considered. By focusing on the
interaction of people, a novel model, called Social
Force Model (SFM), has been proposed to define the
behavior of crowded scene [ 13]. Recently, many SFM-
based methods are adopted as basic models for crowd
behavior analysis [14] & [15]. However, the SFM
methods are developed based on physical parameters
that disregard the interaction between people using the
velocity field. As a result, it cannot detect the local and
global abnormal events simultaneously.

In this paper we propose a novel social-based
method, called Interaction Energy Force (1EF) inspired
from the energy propagation phenomena, which define
the interaction force depending on both physical
variables and velocity fields of interacting peoples.
The energy model of interaction force is featured from
optical flow fields and its energy map represents
visually the interaction forces that is wsed later for
detecting abnormal events,

The remaining of this paper is organized as
follows: in Section 2, we describe the idea of Energy
Force Modeling by mathematical formalization; in
Section 3, we explain an overview of abnormal
detection in crowded scenes; in Section 4, we illustrate
the experiments and results; finally, we conclude this
paper in Section 5.

2. Energy Force Modeling
2.1 Optical Flow Estimation

The optical flows are estimated to define the
motion of objects between any consecutive frames,
which represents the transition from time -/ to 1. Its
quantities, magnitude and direction, could be defined
into vectors, thus the motion of object with respect to
time can be described as follows:

() =x(t) —x(t — 1) (1)

where x(t) = [i]tand x(t—-1) = [;]1—1

The pedestrian usually walks into the targeted
direction x(t)with a certain desirable speed v(t), its
acceleration can be described by the equation 2:
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2.2 Distance Energy

The distance energy describes the propagation of
velocity as energy propagation from its origin
regarding distance. The closer to the origin the more
energy gains, and the farther from the origin the less

energy gains. In a real scene, it represents the
following situations: if people walk into the scene,
their distance energy is low and, in contrast, if they run
into the scene, their distance energy is high. The
concept is implemented into a model as the equation
below:

- 1 ey
VAFOD = k=™ 20 3)

where  IF(O = (e — x-)? + e + ¥e-1)?
V(|Ir(t)]l) is the distance energy with respect to r(t)
and k, is constant value. The o value is estimated at a
double of the size of the pedestrian in the scene at
V(|IFCe)]]) = 0.1. The distance energy is formed as the
Gaussian distribution, which the maximum value is
one.

2.3 Spreading Energy

The spreading energy defines the propagation of
velocity from its origin to neighborhood regarding the
principal direction of the movement. Our model is
inspired by energy propagation phenomena from its
source. The spreading direction of energy’s ray
depends on its velocity. The lower speed of movement
has an influence on a wider angle of energy
propagation, conversely the higher speed reach the
closer angle. The spreading energy is defined as:

Bw(t) = kye™*s"® “

where F(v(t)) is the angle of spreading energy
ranging from 0 to 180 degrees, ko, k5 are constant
values and v(t) is the velocity of movement.

The propagation of energy will spread out
uniformly on the direction of pedestrian flow
depending on the degree of angle and velocity, which
is defined as the Gaussian distribution shown in the
Figure 1.

g U(“}B:nr-l

Figure 1. The energy distribution ofa flow.

The energy distribution of flow is defined as follows:
(r co&% tan a)®
2rsing 5

1
U@ oy = "459
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where U(@) gy(r)) is the energy distribution of flow
with respect to S (v(t)) at angle & = [0 ... f] and k, is
constant value.

2.4 Interaction Energy Force

In the previous sections, the distance and spreading
energies are defined for an optical flow in the field.
Therefore, each optical flow will have a total energy
called Interaction Energy Force (IEF) defined in the
following equation:

F = V(IF(OIDU(@) wiey (6)

A pedestrian in the considered field could be
represented by more than one flow, and our model
must be able to unify the energy of these flows. On the
other hand, the optical flow from different pedestrians
must be distinctive and able to characterize the

possible conflict or abnormal event. We define the
combination of the Interaction Energy Force (IEF) at a
certain point in the scene by the following equation:

N

T=)F %)
i=1

where N is the number of optical flows.

In our abnormal detection, the optical flow will be
estimated in a grid-based manner, then the Interaction
Energy Force (T) will be computed at every grid.

3. Abnormal Detection using IEF Model

In this section, we introduce an abnormal detection
technique using our IEF model previously described.
The system is summarized in three main steps as
shown in the Figure 2 such as calibration, 1EF
modeling, and abnormal detection.

Calibration

Input video

>

Abnormal

IEF: modaling detection

Figure 2. Overview of anomaly detection in crowded scenes.

The perspective distortion due to the angle of
camera have a significant consequence to the images
captured, which eventually influence the IEF modeling
and the abnormal detection process. We fix this
problem by using the homography technique (Figure
3), which is able to reconstruct the images from
perspective distortion. The 2D homography as
homographic transformation is defined by a 3x 3
homogeneous matrix (H) that maps any points p(x, y)

AR
Y

on plane 7 to its corresponding points p’(x’,y') on
m'as follows:
p'=Hp ¥

) @ ©

Figure 3. Perspective transformation: a) the original scene, b) the scene after using the perspective

transformation

After applying the distortion removal to each
frame, we used the IEF model to represent the
interaction between people in the crowded scene. For
each frame, the motion information is estimated via
optical flow field using grid-based particle advection.
The optical flows are necessary to calculate the energy

force for every grid of the frame. The size of the grid
is a very important factor that needs to be chosen
carefully for reducing the time-consumption and
increasing the accuracy of the system. Intuitively, we
apply the Shannon sampling theory [17] to estimate the
maximum of sample rate at which motion information
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can be extracted with low error probability. Then, the
number of optical flows could be extracted and limited
to the twice of channel bandwidth, assumed to be twice
of the size of interested moving object. If the grid size
is greater than the size of people, so we will lost the
motion information. When the energy force of each
frame is ready, the abnormal detection can be
preceded. In this work, the decision method used for
detecting the abnormal event is based on thresholding
technique in order to emphasize on the capacity of the
IEF model. Thus, a frame is detected as abnormal
event only if its maximum IEF energy is greater than a
threshold. So, the optimal thresholds are empirically
estimated from experiments.

4. Experimental Results
Our method is implemented using C++ and open
source library for Computer Vision (OpenCV). All

experiments were tested on PC computer with 4GB
and 3.10GHz CPU.

|

4.1 Simulation of IEF Model

The Figure 4 shows the simulation results of the
IEF model relating to the moving objects in the scene
at different speeds and directions, computed among
consecutive frames. This figure represents the possible
directions of movement and depicts the energy field
obtained from our method at a specific angle and
various speeds, where its velocities are 5, 10, 15 and
20 pixels/frames respectively. The color map of
energy is used to represent the values of energy. Blue
color represents low energy whereas green, yellow and
red colors represent higher energies respectively. We
can observe that the energy force that has low speed
can widely spread out and propagate in short distance.
Conversely, higher speed will have higher energy that
propagates in narrow angle at long distance.

Flow ficld Velocity=5 Veloary =10 Veloaty =15 Velocity =20
& 30 degree 120 degree 240 degree 330 degree

Figure 4. The simulation results of IEF energy model.

4.2 Simulation of IEF Model Experimentation with
UMN Dataset

We evaluate the performance of our technique for
crowd abnormal detection using the UMN dataset as
benchmark, which is well-known and publicly

available [16]. This dataset consists of eleven videos
with three difference locations, including indoor and
outdoor scenes. The scenario is setup as follows:
initially the pedestrians are slowly walking and
suddenly panic by running in different directions. This
dataset contains 7739 frames.
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Figure 5. Results of scene 1: a) Examples of abnormal frames, b) Maximum energy, ¢) Examples of normal
frames
" | ,

3378 frame

|

198 frame 2735 frame
Figure 6. Results of scene 2: a) Examples of abnormal frames, b) Maximum energy, ¢) Examples of normal
frames
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1254 frame

382 frame ¢

Figure 7. Results of scene 3: a) Examples of abnormal frames, b) Maximum energy, ¢) Examples of normal

frames

In our experiments, we used the optimal constant
values of ky to kky as follows: 2.5, 180, 0.25 and 2.5.
Figure 5a, 6a and 7a show the experimental results of
abnormal events with their energies. Figure 5c, 6¢ and
Tc depict the example of frames and interaction energy
when there are no abnormal events. In Figure 5b, 6b
and 7b, the blue curve shows the maximum energy of
every frame, which represent the behavior of peoples
in the scene. The values of maximum energy are
normalized, ranging from 0 to 255 levels. The red
curve is the ground truth presenting the abnormal
events (at energy level 255) and normal events (at
energy level 0). The optimal threshold value to classify
the frame into a normal or abnormal event is
represented by the green line. For illustration, in Figure
5 at the scene | of video 1 and 2, the 250th and 1100th
frames are normal events, where people walk slowly
and have very few interactions among them, which its
maximum energies are low. In contrast, in a panic
event, the speeds and interaction forces among peoples
in crowd will increase more than in a normal event. In
this manner, the 512th and 1313th frames are detected
as panic events.

We use the standard measurement Receiver
Operating Characteristic (ROC) for evaluating our
abnormal event detection technique in experiments.
ROC is computed at a frame-level measurement in the
three scenes of UMN dataset. Table 1 shows the
experimental results in terms of ROC curve based on
energy force.

Table 1. The comparison of our technique with the
state-of-the-art methods for anomaly detection on the
UMN Dataset.

1191 frame

Area
Method under
ROC
Optical Flow [14] 0.84
Social Force [14] 0.96
Proposed method in scene 1
e  Videol 0.985
e Video2 0.976
Proposed method in scene 2
e Video3 0.97
e Video4 0.971
e Videos 0.962
e  Video6 0.978
e Video7 0.969
e Video8 0.96
Proposed method in scene 3
e  Video9 0.986
+  Video 10 8-2;6
e Video 1l 0.974

Proposed method in all scenes

We can notice that the performances of the
proposed method on scene | and scene 3 are better than
on scene 2. It illustrates the fact that the scene 1 and
scene 3 are outdoor scenarios with crowded
pedestrians whose movements are mostly well
localized and cleared. In average, the accuracy of both
scenes is evaluated at about 0.98. The highest
accuracies are in video 1 ofthe scene 1, and video 9 of
the scene 3, at 0.985 and 0.986 respectively. However,
we found that the inaccurate results in some videos of
scene | and scene 3 occur due to the shadows and slow
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velocities at the end of the video, where the ground
truth is always defined as abnormal events. Globally,
the overall accuracy of our proposed method is 0.974,
the ROC is illustrated in Fig. 8, which is slightly higher
than the conventional methods (0.84 for the optical
flow and 0.96 for the social force). On scene 2, our
method performs almost 1.3% less accurate than on
scenes | and 3, at 0.968 in average, but still superior to
the optical flow, with 12% improvement, and very
comparable to the social force method., We observed
that the less accuracy on scene 2 is caused by some
inappropriate situations for indoor setting, such as
shadow, low contrast, illumination changing according
to door opening, cloth color with regard to the
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background where the motion detection is erroneous,
and unexpected individual movements.

Finally, we remarked that the accuracy of our
proposed method depends on the grid sizes and
threshold values. Experimentally, the appropriate grid
size is fixed proportionally to the size of pedestrians in
the scenes. Consequently, the suitable sizes of grid in
scene 1, scene 2 and scene 3 are 20, 16 and 20 pixels
respectively. Concerning the thresholding, we define
three different threshold values of the three scenes by
practices in order to obtain good results. The
environment of the scene could effect to the selection
of parameters.

Tnm Posibies

b.

Figure 8. The ROC for abnormal detection in the UMN dataset: a) our method, b) the state -of-the-art method [14]

5. Conclusion

We proposed a new social-based method, called
IEF model, to be used for anomaly detection in
crowded scenes. Our technique is inspired by the
energy propagation phenomena. The model of
interaction force and its characteristics are thoroughly
described. We use a thresholding method for abnormal
detection in order to not bias the efficiency of our
proposed model. We test our method on UMN dataset,
where the abnormal event can be detected at a high
accuracy of around 0.98 in average, regardless of
various conditions such as occlusion and interaction
among pedestrians. Our technique is competitive with
the state-of-the-art methods.
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Fighting Detection Using Interaction Energy Force
Chonthisa Wateosot**, Nikom Suvonvorn®**
“Department of Computer Engineering, Faculty of Engineering, Prince of Songkla University,
Hat Yai, Songkhla 90110, Thailand

ABSTRACT

Fighting detection is an important issue in security aimed to prevent criminal or undesirable events in public places.
Many researches on computer vision techniques have studied to detect the specific event in crowded scenes. In this paper
we focus on fighting detection using social-based Interaction Energy Force (IEF). The method uses low level features
without ohject extraction and tracking. The interaction force is modeled using the magnitude and direction of optical
flows, A fighting factor is developed under this model w detect fighting events using thresholding method, An energy
map of interaction force is also presented to identify the corresponding events. The evaluation is performed using NUS-
HGA and BEHAVE datasets. The results show the efficiency with high accuracy regardless of various conditions.

Keywords: Fighting detection, optical flow, energy force

1. INTRODUCTION

In recent vears, the growing population in the world could lead o serious crime problems particularly in the public
places, Accordingly, many undesirable evemts may increasingly occurred, such as robbery, stealth, fighting ete. In
modern cities, the public places are svstematically monitored via video surveillance svstem, Nevertheless, only some
classical techniques are used to better monitor efficiently, for example, motion detection, line crossing detection, and
flow control. The analvsis of human behavior o detect more complex activities as mentioned above are still on research
and not applicable in real situation due to its complexity and reliability. In this paper we focus specially on fighting
detection which is needed in that particular situation, Many researches have proposed methods for detecting the event
that can divided into three modeling approaches: activity, local appearance, and motion [1]. In activity modeling, [2][3]
proposed methods 1o incorporate the temporal information with HMM 1o model the relationship between people that
handle for both svmmetric and asymmetric group activities, but requiring large-scale training dataset. [4] introduced 3D
polvgon model using participating entities to describe the visual structure of actions, which is not require training phase
or priori modeling and invariant to camera motion, bt not enough robust for extreme group movements, [3] proposed
the Group Activity Pattern using Gaussian process to handle the inconstant of motions from the probabilistic perspective
but it isn’t suitable for temporal motion information, and quit difficult to recognize complex activities, Modeling with
local appearance information, [6] used SIFT descriptor to determine the group activity. [7] used HOG and HOF
deseriptor 1o recognize the human action which is appropriate for single action of individual people. Generally, the local
features can sufler from appearance variation. Modeling using motion information is widely used for group activity
analysis, [8] used motion trajectories to represent the human group activities in three tvpes: individuals, pairs, and
groups, where each tvpe is expressed as a specific filter, [9] described Group Interaction Zone (GLZ) and Group
Interaction Energy (GIE) hased on motion irajectories 1o handle noisy information, and to identify activities. [10]
modeled a heat map based on thermal diffusion process from trajectories to represent group activities. The technigues
based on trajectories are suitable for scenarios with small amount of people where trajectories can be well identified. In
this paper, we propose an alternative method for fighting detection using social-based method, called Interaction Energy
Force (IEF), improved from [11], The interaction between people is modeled as interaction force using optical flows
without object extraction and tracking, which is suitable for crowded scenes where individual tracking is difficult and
unreliable, An improvement of the model with specific criteria is used 1o detect the particular fighting event.

. METHODOLOGY

Cur method defines the fighting event based on IEF model. The interacting behavior between people in crowded scenes
will be defined as interaction energy force which is later identified to be normal or fighting events. Firstly, we will
deseribe the IEF model, then the fighting energy foree and detection will be introduced respectively,
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2.1 Interaction Energy Force
Interaction Energy Force (IEF) F is formulated from the distance energy D and spreading energy § a5 equation (1), It
describes the total energy at a certain grid point (x.y) in image where movements are oceurred.
F{x.y,\=zn(|")5('7) n
ey
The optical flow field ¥ represents the motion of object occurring at any grid points. The optical flow F is a movement
from x(t — 1) to x(t) will be defined as
r(t) = x(t) —x(t — 1) 2)
X
h = dxit—1)=
where x(t) [;Jlan x(t—1) [3"]:-1
The distance energy 0 at a considering grid point (x.v) derived from an optical flow ¥ can be defined as equation (3). Its

characteristic is that if (x.v) is close to the origin of flow r the energy is high, in contrast the energy is low, This energy is
formed by Gaussian distribution where its value is ranged from Oto 1,
(7D 3)

2d

., 1
Dy =1 =e

where [[Fl| = /(xy — %1 P + (v = e P

Thespreading energy § at a considering grid point (x.y) derived from an optical flow F is established as equation (4). The
spreading angle of flow r depends on its magnitude where small movement will spread in wider angle, conversely larger
movement the angle is narrower. The energy is uniformly formulated on the direction of flow,

[lr’l ms‘%ﬂww{fmy:\}! )

- T
S(rjl,x),) = kaﬁe 2| sin—;

where the angle £ is defined as B(F) = kye 50 ranping from 0 1o 180 degrees according to the magnitude of optical
flow, a(r.x,¥) is theangle at origin of flow F according to the grid point (x,¥), and k; to k, are constant value, The Fig. 1
shows the IEF force obtained from the different tvpes of walking group: together, opposite, and random. It shows that
the green, vellow and red colors represent the levels of people interaction, from minimum o maximum levels
respectively. This can be used to identify abnormal events if only if the IEF value exceed a certain threshold, such as
fighting, sudden running, or panic event, However, we found that IEF cannot distingue the fighting from the other
events,

(a) together (b} opposite () random
Figure 1, ITEFs of walking people in different types,
2.2 Fighting Energy Force
Generally, the fighting behavior can be described as moving fast, opposite interaction, sudden gathering, and random
directions. In order to detection the fighting by using IEF model, we define an additional factor f which will take the
consideration of these factors as follows:

Fitx,y) = ket Fx) (3)
where f(r.x, ¥) is fighting factor, @(r,x,y) is the angle between flows and (x.y). and k; and ky; are constant values. The
characteristics of angle @ is that if movements are in the same direction, the angle @ value is near to 0, in contrast, the
value is close to 180, Accordingly. the f value is then ranged from 0 to 1. The combination between the Interaction
Energy Force (IEF) and fighting factor is called Fighting Energy Force (FEF), defined as follow:

Fragy = Y fE2,)DIDSE) ©)
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2.3 Fighting detection

Fig.2 shows our fighting detection method which consists of four main steps. Firstly, the distortion removal and optical
flow estimation, using grid-based particle advection, are applied as shown in Fig.2 (a) Then, the IEF is calculated at
every grid point, and displaved as energy map showing in Fig.2 (b), to represent the interaction between people in the
scene, Later, the Fighting Energy Force will be preceded, obtaining an energy map in Fig.2 (b). Finally, the fighting
decision is performed simply by using thresholding technique.

(a} Iraput (b} Interaction Energy Force () Fighting Enerzy Foree {d) Fighting Detection
Figure 2. Fighting detection

3. EXPERIMENT AND RESULTS

Our method is implemented using CH and open source library for Computer Vision (OpenCWV), Our experiments were
tested on PC computer with 4GB and 3.10GHz CPU using two datasets, NUS-HGA and BEHAVE. In evaluation. we
used the constant values defined empirically for ky to kg as follows: 2.5, 2.5, 180, 0,25, 0.1 and 0,014, which gives the
best results. We notice that the accuracy of our proposed method depends on the grid size and thresholding values.
Experimentally, the appropriate grid size is fixed proportional ly to the size of pedesirians in the scenes. So, the properly
grid size is 12 pixels, and the threshold value is defined to 0.8, The standard measurement of Receiver Operating
Characteristic (ROC) is used for evaluating the fighting events, ROCs are computed at frame-level for all scenes in NUS
and BEHAVE datasets.

3.1 Experiment with the NUS-HGA Dataset

We evaluated the performance ofour method for fighting detection using the NUS-HGA dataset published in [8]. It was
collected by monitoring an outdoor scene from University of Mational University of Singapore, This dataset consist of
225 video clips including 75 fighting events (10,012 frames) and 150 other activities (23627 frames), such as walking
group, gather, running group, stand talking, and ignoring, Fig. 3 depicts the example results, Fig, 3 (a), the 1strow shows
a frame of people walking randomly slowly in different directions. We can notice the interaction force is high when
people converge in 1o a certain point, However, it"snot high enough to be considered as fighting event. Fig.3 (a), the 2nd
row shows people running closely and together in the same direction, The interaction force goes high, but does not
present as fighting event. Fig.3 (b), the 1t and 2nd rows show that the fighting forces are lower than the optimal
threshold. Fig.3 (a), the 3rd and 4th rows are fighting frames, people suddenly run with high speed before fighting and
move randomly with different directions. The fighting interaction force is high and greater than a threshold value, so
fighting events are identified. Fig.3 (b), the 3rd and 4th rows illustrate that the fighting foree is rising up when people
begin to fight and decreasing when they separate, In the experiments, we obtain the ROC showing in Fig.5 (a) that the
overall accuracy of our method is 0,975, which is slightly higher than the conventional method [8] at 0.89. The
improvement is about 8.5%.

3.2 Experiment with the BEHAVE Dataset

To demonstrate the effectiveness of our method, we conduct experiments on another dataset: the BEHAVE Dataset [12].
This dataset provides 19 clips of fighting events (1731 frames) and 130 normal events (26513 frames) including many
groups of complex activities, such as approach, split, walking together, and running together. Each instance contains
various numbers of people which are moderately crowded. Fig.4 (a), the 1st row illusirates group of people walking
together while someone is waving hands. We found that the higher interaction force appear when they stay close
together, Again, in this situation the movements are quite slow and in the same direction that the fighting energy is
decreased systematically, As a result, fighting force is less than an optimal threshold which is considered as no fighting
event. Fig.d (a), the 2nd row shows the high interaction foree of moving car with high speed. However, its movements
are in the same direction where the interaction forces are cancelled each other. So that this is considered as no fighting
event, Fig.4 (a) the 3rd and 4th rows show people confront and punch each other, In this cases, fighting energy is greater
than the optimal threshold, so these are classified as fighting events, In this experiment, we obtained ROC is depicied in
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Fig.5 (b) that the accuracy of our method is 0.937. which is higher than the comparing method [9] at 0.833. In total. our
improvement is around 10.4% better,

In general, we can remark that the performance of the proposed method on NUS dataset is better than BEHAVE dataset.
I'he principle causes of defects of our method are shadows, low contrast, and similarity of cloth color regarding to
background.
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Figure 5 The ROC for fighting detection: a) in the NUS dataset, b) in the BEHAVE dataset

4. CONCLUSION

We proposed an alternative method for detecting the fighting event in moderate crowded scenes using social-based IEF
maodel. The fighting behavior is defined though the interacting force among people. The interaction force model based on
the optical flows and its features are carefully explained. The fighting detection is considered via thresholding method.,
We evaluate our method using the NUS-HGA and BEHAVE datasets. Results shown the improvement up to 10%%
comparing to the state-of-the-art methods which its accuracy is about (L937.
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Paper

Group Activity Recognition with an Interaction Force

based on Low-Level Features

Chonthisa Wateosot®*, Non-member
Nikom Suvonvorn®, Non-member

Group activity recognition of human is an important task for video surveillance systems, In complex situations, however,
ambigiities usually arise due 1o chaotic movements in the scene, especially when it is solved based upon motion trajectory
analysis involving object segmentation and tracking. In this research we present an Interaction Force Model { [FM) to recognize
group activity using low-level feature based on dense optical flow. The IFM utilized to define interaction among people consists
of three principal forces: group motion force (GMF), interaction motion force (IMF), and reciprocal motion force (RMF) to
model behaviors of the activity, Our algorithm is evaluated with the well-known NUS-HGA and BEHAVE datasets, Results of
our approach technique reveal good efficiency with high accuracy. regardless of surounding conditions, and is competitive with

other state-of-the-art methods,

Keywords : Interaction Force, Dense Optical Flow, Group Adivity Recognition, Surveillance System

1. Introduction

Interpretation of human activities is increasingly becoming a
necessity for video surveillance in public places such as shopping
malls, transport stations, hospitals and walking streets. Methods to
automatically recognize activities are required with higher
accuracy and dronger ability to handle assorted scenarios, and this
is very challenging,

We can characterize activities according to the density of
participants into four catepories: individual action recognition,
paired-interaction  recognition, group activity recognition, and
crowd activity recognition, Individual action recognition focuses
on behavior of a single person by analvzing body articulation or
body parts [1-4]. Paired-interaction recognition determines
relationship between two people by analyzing the overall body
articulation [5-7]. Group activity recognition defines activities of
people in moderate crowd based on motion or interaction [8-12].
Crowd  activity recognition concerns  mterpretation of crowd
motion by analvzing trajectories or flows [13][ 14].

Ongoing researches are conducted on all of the four categories
described, depending on interests. In this paper, however, we
concentrate on group activity recognition suitable for recognition
of movements in public places. Categorically, group activity
recognition features can be either low-level or object-based. To
identify activities, the lowdevel type utilizes features of an image
without object  segmentation and  tracking, whemas the
object-based type — as its name clearly implies — involves both,
Examples of low-level features are gradients [15], dense optical
flows [16] and spatiotemporal [17-20]. For activity recognition
based on object features, besides the necessity that the ohjects in
the scene must be segmented and tracked, its trajectories must also
be determined along with other properties such as appearances [8]
[21-23 ] are used in subsequent modeling.

a(,‘mcspm:lmcc to; Chonthisa Wateosol, E-mail: chonthisa wi@gmail com
Depariment of Computer Engineering, Faculty of Engineering,
Prince of Songkla University, Hat Yai, Songkhla, Thailand 201 10

In activity modeling, low-level or object-based features are
cither used for modeling the pattern of group activities such as
energy-intensive  based  model  [5][25],  mteraction  model
[24][26][27]. ete. Interaction model is more widely used because it
can represent realistic social relationships of persons in group
activities and human behaviors, Three prominent models of
interaction are: Proxemics theory [26-28], Contextual information
model [29][30] and Secial force model [10][25][31], and almost
all complex models are based on object features. Accuracy of the
midels depend mainky on motion characteristics of the object and
the trajectory, In complex scenes with many movemenis in a
group activity, recognition models based on object features could
lead to failures, and inevitably in those with low-resolution.

From details and reasons elaborated we thus propose to conduct
an investigation emploving a new interaction model for group
activity recognition using low-level feature based on dense optical
flow. This new model shall be called the “Interaction Force
Model: IFM.” and it will involve interaction behaviors of the
group such as group movement general  direction, group
interaction, and magnitude of the group, Robusiness of features at
low level should increase the accuracy of our interaction model.
This low-level interaction force will be determined from optical
flows. High-level interaction forces, subsequently established to
represent possible interaction behaviors of persons in group, will
consigt of three force types: Group Motion Force (GMF),
Interaction Maotion Force (IMF) and Reciprocal Motion Force
(RMF). Through these forces, we further apply a heal map to
represent the level of each force. And finally, we apply
conventional neural network to classify activity into six types:
gathering, ignoring, stand talking, group walking. group nunning,
and fighting,

The remainder of this paper is organized as follows: Section 2
describes our concept of IFM and its analyses using low-level and
high-level interaction foroes; Section 3 presents the results and
evaluations of the approach; and Section 4 concludes the overall
oulCome,



2. Interaction Force Modeling

The propose [FM model o analvze group activities based on
the concept of interaction behavior among persons in the group
consists of both low-level interaction force and high-level
interaction force, conducted in succession. The former represents
intermction at feature level, to be described in more details in
Section 2,1 the latler to model inferadion behavior of persons in
the group shall be elaborated in Section 2.2,

21 Low-Level Interaction Force

In this section, we introduce our interaction force that
emphasizes a low-level feature based on dense optical flow. The
reason for exclusion of other two options of low-level features is
that the pradient feature involves no motion, and the
spatio-temporal feature is o complex. Our notion is o focus on
madion locally that can represent interaction  behavior wmong
persons in the scene by ignoring the appearance of the objects.
This concerns motion at the level of pixels o a patch of pixels
without object tracking, Optical flows representing motion are
determined between conseeutive frames to define movements of a
patch of pixels, Displacement of optical flow position fom
T, v, ) to I{x +dx, v+ dy. t +di) could be represented by a
vector consisting of magnitude and direction, and is formulated in
Eq. (1),

lodx + Iydy + Iyt =0 (1

Employing Taylor Series expression, Eq, (1) @n be simplified
to Eq. (2}

Lew + v = =i, (2)

dx d .
where u = —= and v :d—': are optical flow vectors, and can be

written as shown in Eq. (3).
itxy.0 =] 3

Optical flow magnitude and direction are o be determined by
Eq. (4).

[lidl} = VuT 7, 8 = tan 12 (4)

Using the optical flows described we can now establish the two
principal foroes that are commonly used to formulate low-level
interaction force, i.e. the propagating and spreading forces.

2.1.1 Propagating Force
Propagating force is defined as the force of an oplical flow
from an original position to its neighborhood depending on its
magnitude. The level of force is high when it is close to the
ariginal position, and decreases with further distance, as described
in Eq. (5)
_ 2.5 _da —'!.Iz
P _\rzwze - &
where P(i) is the propagating force with respect to U o the
standard deviation and g the mean, The propagating force P(ID) is
formed as a Gaussian distribution, having a maximum value of
1.0, In our experiment, the value of o and g are 1.0 and 0,0,

2.1.2 Spreading Force
Spreading force in an optical flow is dictated by how the force
spreads over its proximity from its original position based on

magnitude and direction. Force spreading in a wide angle
represents an optical flow with low magnitude; and in a narrow
angle, with high magnitude. Eq. (6) shows formulation of the
spreading angle that depends on the magnitude:

A1) = 180g ~*2* i) (61

where (1) is the angle of spreading force ranging fom 0 1o 180
degrees.

For each optical flow a spreading force is formed in Gaussian
uniform style, as illustrated in Fig. 1, and as calculated emploving
Eq. (8) through the use of Eq. (7).

Fig 1. Spreading force of an optical flow in Gaussian
uni form style,

At any point considered, angle afx,y) is defined by Eq, (7).

(x » . dsex) + (y » i dsty) (T}
alx,y) = cos™!
\."x‘ + (i dsex)* + '\IllJ'A + (i dsey)?®
And for the spreading foree:

(readd una-y? (8}

£ Mzrsm

F3

Sla g = N

where S(a) g s the spreading force with respect to §(1) at
angle a = [0 ..0].

The spreading force will be highest when the position
comsidered is in the exact direction with the optical flow. In
direction deviating more from this exact line, the foree will
decrease greater,

So far we have obtained each force of optical flow —
propagation, and spread. We can now formulate the combined
interaction force, as shown in Eq, (9),

IR, = PIEIS(E) ey (@)

where 1F, is the low-level interaction force; defined as
multiplication of the propagating force and the spreading force,

An ohject could be frmed by several optical flows depending
on the ohject sive and the grid size. AL any point considered in the
scene the total foree can be caleulsted Fom 1F, forces propagated
or spread Fom those flows 1o the point, The total Bree 1R in By
(10 is the summation of all relevant (¥, forces.

;
IFy = Z 15,
[

where N is the number of optical flows through the point
considered,

(1
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GROUP ACTIVITY RECOGNITION WITH AN INTERACTION FORCE BASED ON LOW-LEVEL FEATURES

The following is Algorithm 1 for our IF; model
1. For each frame, compute the optical flows
2 For each optical flow, compute the magnitude  [filll = Vi F o7

and angle 8 = mn":‘—'

3 For each optical flow, compute the spreading angle
B(iT) = 180e 259 and determine the positions alx,y) inboth
direction and range of the flow considered

(el dstx) + (il dsty)

= -1
= cos ——
a(x,y) = co R R (R ty)E

and check whether a(x,y) < B(i) /2
If true:

b o B0
3.1 Compute propagating force P(if) =‘,,%7e' art

(reostean a—)¢

- 8 A% Py
32 Compute spreading force S(a)am) = 7=se e |

33 Define Low-Level Interaction Force 1F, = P()S(a)gcn
If false: disregard, and seek other postion until all posit ons are
considered
4. After all positions are considered, compute the total force 1F, ofall
optical flows in both the directionand the range of the point considered

N
1Fy = Z IF,,
i=

2.1.3 Results of Our Low-level IF Model

Simulation of IF model related to optical flows with varying
magnitudes and directions to represent a moving object is
illustrated in Fig. 2(a). The heat map color indicates level of the
forces: the higher force is in red, and those with decreasing
magnitudes are depicted in yellow. green and blue, in that order.
Optical flows with lower magnitude resulting from a slow-moving
object possess lower force and cover area in a wider angle,
whereas those with higher speed from an active moving object
exhibit higher force in a narrower angle with a greater distance of
propagation.

Magnitude =5, 45 degree Magmnitude =10, 135 degree

Magnitwde =15, 225 degree  Magmitade =20, 315 degree

(a)

bl Paralkl

b2 Indine
(b)

Fig 2. Simulation results of [F model related to optical flow:
(a) IF force established fom a flow with varying magnitude
and direction; (b) IF force established from two flows.

b3. Opposite

Fig. 2(b) shows examples of interaction forces established from
two flows. Flows that are parallel (bl) show no interaction
because their energies do not overlap. When flows are inclined
towards each other (b2), interaction force increases and forms a
comecting red area. The interaction force is highest when flows
are directly opposite (b3) and show a bright red arca,

Fig 3 shows example results of low-level IF model obtained
from three different group activities: (a) Gathenng
(opposing-movement ); (b) Group walking (group-movement): and
(c) Imoring (random-movement). The wlors represent the levels
of interaction among people in the group: green for minimum, red
for maximum; and yellow for that in between. It is evident from
Fig. 3 that @ higher level interaction force is needed to identify
more clearly these activities since the low-level model wuld not
separate even simple activities such as (a) and (b). Section 2.2
shall further address this shortcoming,

(2) Gatherinz

(c)Igmorinz  (v) Group walking

i {
Fig, 3. IF force of moving people in different activities,
(2) Gathering (b) Group walking ( ¢) lgnoring
Note: Force level from high to low are red, yellow and green, in
that order.

2.2 High-Level Interaction Forces

Low-level interaction force could only be uwsed in a scene to
identify possible overall *abnormal’ behavior in the event such as
a panic or an intense fight, It generally cannot clearly distinguish
behavior of persons in a normal group, Generally there are six
behaviors of interest: ignoring, gathering, fighting, stand talking,
group walking, and group mnning. In this section we introduce a
high-level interaction force which emphasizes on modeling of
group activities depending on these six behaviors, This high-level
interaction force can be categorized into three types of forces:
group motion force (GMF) to describe the overall group behavior
in the scene: interaction motion force (IMF) to describe interaction
among people in the group; and reciprocal motion force (RMF) to
describe the density of flows in a group in that activity.

2.2.1 Group Motion Force (GMF)

Group motion is defined as the general movement of persons in
a group, for example. group walking or group running in the same
direction, as shown in Fig. 4, GMF is established to distinguish
these behaviors from others such as ignoring, gathering. stand
talking. and fighting. In order to refine the low-level interaction
force obtained earlier we use dispersion of the direction of flow to
determine a factor f; in Eq. (11) to derive the high-level group
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mation force using Eq. (12).
- b, [P an
Ay =e e

IFyy = fi(iLx,y) IF s (12)

(b) Group rumning  (a) Group waking

2

Fig 4. High GMF force, higher with faster movement, resulting
from group movement in same direction; (a) Group walking, and
(b) Group running,

2.2.2 Interaction Motion Force (IMF)

Interaction motion is defined as the interacting behavior among
people in the group, for example, person moving or approaching
each other, as shown in Fig 5. IMF is established in order to
highlight gathering and fighting activities, We measure dispersion
of the opposing direction of flows. The more intense the activity,
the higher the interaction.

2

[ Ea s (13)
f(@xy)=e 1 "V
IFyy = fo(il,x,y) IF 1y 14

We establish Eq. (13) for factor f;, the inverse of factor f;, to
refine the interaction motion. The high-level interaction force 1F,,
shown in Eq. (14) is found by multiplying the low-level 1F,; with
this factor.

(b) Fighting

Fig. 5. High IMF force, higher with more intense interaction,
resulting from group from oppesing direction; (a)
Gathering, and (b) Fighting.

2.2.3 Reciprocal Motion Force (RMF)

Reciprocal motion is inversely proportional to the amount of
flows in a group. A small number of flows in a scattered group
could be lated as | walking independently, moving
randomly (ignoring). RMF force value is higher for a smaller
number of flows, as shown in Fig 6.

Fig. 6. RMF force in Ignoring; higher with smaller number of
flows in the group.

In Eq. (15) we establish a factor f; to represent reciprocal
motion; and its force /Fy,; in Eq. (16) is equal to the factor
divided by the low-level /F;.

fylhx,y) = s

where N is the number of flows that can propagate its force to the
point considered.

(15

@ xy) (16)
IFys ="F_"

2.3 Feature Identification for Neuron Network

To identify the six activities ioned earlier we
employ neural network to learn them wsing features extracted from
the three types of high-level interaction forces, Since each force is
able to identify only certain activities, intuitively by combining
them it should improve capability of classification for all target
activities,

Fig 7 depicts empirically proportions of the three forces versus
the six activities, We may note that each activity is composed of
different levels of the three forces. For group walking and group
running. where all of them walk or run generally in the same
direction, GMF (motion) is high while IMF (interaction) and RMF
(number of flows) are low. Running activity definitely has higher
GMF than walking because of higher speed. In gathering and
fighting, where peoples are either walking or running toward each
other over an area, GMF maotion is moderate while interaction
IMF is high and number of flows RMF is low. Of course, fighting
exhibits higher IMF and GMF than gathering, For ignoring, where
people move individually at low speed and at random direction,
RMF is high while GMF and IMF are low. In the final activity of
stand talking, where people in a group stand still or have small
movements, all the three forces - GME IMF and RMF - are low.

Our fature of i ion forces for training the neural network
is defined as a vector of force values. For each picture frame, three
forces are computed and each of its 64 maximum values are
concatenated into a vector of 192 values (64 x 3). Thus, the
number of input nodes for the neural network is 192 and the
number of output nodes is 6 (for the 6 activities). In the
experiment, the hidden layer is defined with 10 nodes.

|EEJ Trans. EIS, Vol. 124, No.1, 2004
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Fig. 7. Proportions of high-level interaction GMF, IMF and RMF forces in relation to thesix activities of group walking, group running,
gathering, fighting, ignoring and stand talking,
Note: The inner circle denotes low force; the outer, high; and the circle in-between, moderate.

The following is Algorithm 2 for our High-Level Interaction Foree
1. For each frame, compute the total foree 1F
2. For each grid point, determine N, the number of flows around the point
cons dered, ina 30-pixel mnge
oy rrey

2.1 Compute group motion fackor  fi(dx,y) =e N 9
22 Compute group motion force IFy, = fi(i,x,y) IF
i Ex.ﬂ-a:n’
23 Compute interaction motion factor fo(i,x,y) = e | =
24 Compute interaction motion force IFyy = f,(i, x,y) IFy
2.5 Compute reciprocal motion factor f,(il,x, y) = e~

) § 0
26 Compute reciprocal motion force IFys =%

3. After all gnd points are considered,

3.1 Collect 64 maximum values IFy, inovector A

32 Collect 64 maximum values IFy, intovector B

33 Collect 64 maximum values JFy, intovector C.

34 Concatenate vector A, B, and C into a vector (192 values) as input
of the Neural Network.

3. Experimental Results

This section discusses our experiments and results, Since our
maodel is established with various internal parameters, we need to
first evaluate these parameters for optimal values to be used for
performance luation of our proposed method (Section 3.1).
Experiment with NUS-HGA and BEHAVE datasets are detailed in
Section 3.2 and 3.3,

3.1 Parameter Evaluation

We use partially the NUS-HGA dataset, a total of 100 video
clips for the six activities, and 100 frames for each of the activity,
to evaluate optimal values of parameters k,, k, and k,

3.1.1 Parameter k, for GMF

The internal parameter of GMF is designated k, and is
expressed earlier in Eq. (12). Different motion behaviors of the
whole group results in varying values of k,. From Fig. 8. it can be

seen that k, is high when most people walk or run in the same
direction (having small angle of deviation): and k, decreases
when people are walking or nnning in a more scattered mamner
(bigger angle of deviaion for same GMF).

Goup Moten Foree

el peseae o GAE. 2,

]

Fig. 8. GMF parameter vs. Angle of Deviation at various
values of k.

Table I shows the accuracy of activity recognition versus k,
values, From the Table the highest accuracy is achieved when &,
equals 1.2 and hence in our experiment this value is adopted as the
optimal parameter for GMF,

Table L Experiment result for Group Motion Force versus

parameter k.
ks 09 12 18 30
Accuracy | 5560% | 6670% | S5240% | 38.10%
3.1.2 Parameter k, for IMF
The intemal parameter of IMF is d d ik, and is expr

earlier in Eq. (14). Different interaction behaviors of people in the
group results in varying values of k,. From Fig 9. a bigger value
of k, indicates that more people in the group interact with one
another, and vice versa,

220



WP~ —

Fig 9. IMF parameter vs Angle of Deviation at various
values of k;.

Table IT shows the accuracy of activity recognition versus k,
values. From the Table the highest accuracy is achieved when &,
equals 3.0 and hence in our experiment this value is adopted as the
optimal pamameter for IME,

Table I1. Experiment result for Interzction Motion Force versus
parameter k.

[k [ 12 [ 18 [ 30 [ a0 ]

| Acumey | 6190% | 6630% [ 7780% | 444% |

3.1.3 Parameter ky for RMF

The internal pammeter of RMF is designated k, and is
expressed earlier in Eq. (16). Different number of flows in the
goup results in varying values of k,, From Fig. 10, a larger value
of k, indicates smaller number of flows in the group, and vice
versa.

Fig. 10, RMF parameter versus Number of Flow at various
values of k.

Table 11 shows the accuracy of activity recognition versus k,
values, From the Table the highest accuracy is achieved when &,
equals 0.8 and hence in our experiment this value is adopted as the
optimal parmmeter for RME,

Table I1L Experiment result for Reciprocal Motion Force versus

parameter k..
[k T os T o8 12 [ 20 ]
[ 3330% | 6670% [ 4440% [ 3350% |

I Accuracy

3.2 Evaluation using NUS-HGA Dataset

Performance of our method is evaluated using NUS-HGA [8]
This dataset developed by the National University of Singapore
concerns outdoor human group activities, and involves 476 video
clips whereby in each clip 4-8 participants perform 6 activities:
Gather, Ignore, StandTalk, WalkinGroup, RunInGroup, and Fight.

Fig. 11 illustrate some of owr results implemented and tested on
this video dataset. Underneath the four columns of video are our
respective heat maps of the four forces: IFL, GMF, IME and
RMF; the first being the low-level interaction force, and the rests
are high-level forces derived from the low-level force and
respective parameter k. In Fig 1l(a), a Gather activity, both
GMF and IMF are moderate and/or minimal as people slowly
walk toward one another with not much interaction, while RMF is
small due to large number of flows, In Fig. 11(b), an Ignore
activity, both GMF and IMF are minimal or small because people
individually walk in random direction, whereas RMF is high
because of small number of flows from the individuals. In Fig.
11(c), a StandTalk activity, both GMF and IMF are again very
small because there are little movements; and though the number
of flows from individuals is small they are considered noises since
the number is too small (down to 1 or 2 flows) and hence RMF
instead of getting very large, it disappears since it will be regarded
as a no flow. In Fig. 11(d) and (e), respectively for WalkinGroup
and RuninGroup activities, GMF is high because of group
movement in the same direction (higher in running than in
walking): IMF in both are very small since there exist little
interactions, while RMF is small due to large number of flows. In
Fig 11(f), a Fight activity, GMF is high due to intense movement
but IMF is moderate fom limited fighting in the group, and RMF
is very small due to a large number of flows,

Low-level
Interaction Force

High-level
Group Motion Force

Activity

( a) Gather

High-level

Interaction Motion Force

High-level
Reciprocal Mation Force
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(b) Ignore

(C) StandTalk

(d) WalkInGroup

() RumInGroup
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(D Fight

Fig. 11, Heat map results of [F (Low-level force): GMFE, IMF, and RMF (High-level forces) from the proposed method tested on the

NUS-HGA dataset.
Note: Force level fram high to low are red, yellow and green in that order

We compare the performance of our proposed IFM results with
a stdy using a stae-ofthe-art method called  Localized
Causalities [8] This LC method was first employed to investigate
how to effectively represent group activities on the NUS-HGA
dataset. Trajetonies were used as input signals and motions were
represented by specific digital filters,

Accuracy of owr IFM is compared with LC. As clearly shown in
Table IV, the overall result of nearly 95% accuracy from [FM
represents an over 20 percentage points increase in precision. or
an over 27% increase in comparison. Within each of the six
activities TFM  yields better performance as well without
exception; our minimum accuracy being 89.80% in WalkinGroup
while the rest all fared above 90, Our method proves exceptionally
good at Gather activity (92.95% compared to 40%).

Table IV. Accuracy of our IFM method compared with one
study using Localized Causalities on the same NUS-HGA dataset.

Activity (1301 A Study using Localized
(%) Causalities [8] (%)

Gather 92.95 40
StandTalk 95.08 89
Ignore 98.32 64
Walk InGroup 89.80 74
RunlnGroup 93.56 89
Fight 96.00 89

Average 9428 74 16

Fig 12 is a confusion matrix: a matrix showing percentages of
recognition of an activity and how much it is confused and
recognized as other kinds of activities, From the matrix, group
activities on WalkinGroup and RuninGroup are most confused as
others; as much as 4.4% of RunlnGroup is misinterpreted as
WalkinGroup, and 6.9% of WalkinGroup is regarded as
RuninGroup, since these two are distinguished mainly only by the
amount of GMF,

Confislos of Actvity Recopnkion o the NUS-HGA dases

Faie
Feskstireep!

TalkleGreep

Fig. 12. *Confusion Matrix’ of our IFM method on the
NUS-HGA dataset, showing activity recognition performance.,

Fig 13 shows the ROC (Receiver Operating Charmacteristic
curve): a plot of true positive rate against false positive rate of a
test. to compare performance of different activities in our study.
Activity that reaches higher the top lefl corner of the ROC curve
yields better performance. From the graph, Ignore performs best.
and WalkInGroup is worst at performance.

Fig. 13, Receiver Operating Charactenistic curve of our [FM
method on the NUS-HGA dataset,

3.3 Evaluation using BEHAVE Dataset

To further validate our IFM method we use videos from the
BEHAVE Dataset [32]. developed by the University of Edinburgh,
1o once more evaluate the efficiency. The dataset consists of 163

video clips and 10 activities: Meet, Split, Chase, Follow, Approach,

Igore, Group, WalkTogether, RunTogether, and Fight, We,
however, choose only 6 activities that are common to those we wse
in the NUS-HGA Dataset for compatibility, and these are Gather

|EEJ Trans. EIS, Vol. 124, No.1, 2004
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(Approach), Ignore, StandTalk  (Ingroup). WalkinGroup,
RunlnGroup, and Fight. Heat maps of the four forces: IFL, GMF,
IME. and RME, for these 6 activities are illustrated in Fig. 14,

In Fig. 14(a) for Approach activity, GMF is moderate due to
gentle get-together motion, IMF is also moderate because of mild
interaction, and RMF is very small due to large number of flows,
In Fig. 14(b) for Ignore, GMF is moderate from some movements,
IMF is not present because everyone ignores one another, but
RMF is high ffom small number of flows. In Fig. 14(c) for

InGroup, all the three forces are not present because of negligible

movement, no interaction, and absence of flow in the scene. In Fig.

14(d) and (e) for WalkTogether and RunTogether. GMF is quite

high or very high because of large movement in the same direction,

IMF is barely perceptible or negligible due to low interaction, and
RMF is very small from large number of flows, And lastly in Fig
14(f), for Fight activity, both GMF and IMF are high due to great
movements and scuffling interactions, but RMF is not minimal
due to large numbar of flows,

High-level
Group Maotion Force

Low-level
Interaction Force

Activity

( a) Approach

(b) Ignore

(C) InGroup

High-level
Reciprocal Motion Foree

High-level
Interaction Motion Force
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WalkTogether

@

(e) RunTogether

(f) Fight

Fig. 14, Heat map results of IFL (Low

¢l force ); GMF, IMF,
BEHAVE

and RMF (High-lev
dataset.

Note: Force level from high to low are red, yellow and green, in that order.

We compare the performance of our IFM method with another
study using another state-ofthe-art method called Group
Interaction Zone: GIZ [31], which is based on proxemics theory to
describe people behavior ina group.

Table V details the accuracy of our [FM method compared with
that studied employing GIZ, However, comparison could be made
on only 4 of the 6 activities that are coincidental: Ignore and
RunTogether activities are not included in that study, OFf the four
activities compared, our results fare better on three of them; the
only inferior outcome is on InGroup. On average, the overall
accuracy of [FM is approx. 93.3% while that wsing GIZ is approx.
89.6: representing about a 3.7 percentage points increase, or over

4% Our minimum accuracy value is approx, 88% (for Fight)
while the rests performed well above 90%. In contrast, the
minimal value using GIZ is just over 83% but its best performance
in InGroup is 100% though.

IEEJ Trans. EIS, Vol. 124, No.1, 2004
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Table V. Accuracy of our IFM method compared with one study
using Group iteraction Zone on the same BEHAVE dataset.

Ativity IFM A Study using
(%) GIZ[31](%)
Approach G107 8333
Ignore 96.47 -
i roup 93.20 100,00
WalkTogether 9204 @1 66
RunTogether 9895 -
Fight §7.54 §333
Average 93.28 5958

The confusion matrix in Fig. 15 on the BEHAVE dataset shows
that the best activity recognition performance among the six
studied is the RunTogether activity at nearly %%a, followed at
approx. 96.5 in Ignore. Inaccuracy for the rest gets larger: Approx
5% of nGroup (stand talking) is confused as WalkTogether;
About 4% of Walk Together is misinterpreted as RunTogether, plus
nearly 4% as InGroup: And Nearly 6% of Approach (gathering) is
regarded as Fight. plus 3% as WalkTogether. The Worse
performance appears in the Fight activity, where 1% is confused
as Approach: this activity is featured mostly by hand movement
under close inspection,

‘Confission of Activity Recognition on the BERAVE datet

F 7P 7P
‘J‘;:?‘* w-‘*x")ﬁ

Fig 15, *Confusion Matrix” of our IFM method on the BEHAVE
dataset, showing activity recognition performance,

The ROC of our IFM method is shown in Fig. 16, The best
performance is confirmed as the RunTogether, and the worse is the
Fight.

i
Walkiatirem

— gt
-t —
— STk

Fig. 16. Receiver Operating Charactenistic curve of our IFM
method on the BEHAVE dataset.

4, Conclusions

Group activity recognition is imcreasingly important in public
video surveillance, Numerous methods have been devised to
improve its accuracy. In this research we have proposed a method

using three high-level featumes called Group Motion Foree (GMF),
Interaction Motion Force (IMF), and Reciprocal Motion Force
{RMF). This Interaction Force Model (IFM) is in wrn based on a
low-leve] feature of dense optical flow, The madel to identify
group activities of intemction without segmentation and tracking
intends 1o lead 1o robustness especially when the amount of people
in the group increases or when the activily becomes more complex,
Six features studied and compared are: gathering ignoring, stand
talking, group walking group running. and fighting, We evaluate
ow [FM model wing NUS-HGA and BEHAVE datasets, and the
improvement found on the former dataset is 27%, and 4% on the
latter. Our methad is thus efficient and could be used as an
alternative in the worst case,
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