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Abstract

Directlymodelingtheinherenthierarchyandshaedstruc-
tures of humanbehavios, we presentan application of the
hierarchical hiddenMarkov model(HHMM) for the problem
of activity recaynition. We arguethat to robustly modeland
recaynize complex humanactivities, it is crucial to exploit
both the natural hierarchical decompositiorand shaed se-
manticsembeddedh the movementrajectories.To this end,
we proposethe useof the HHMM, a rich stodastic model
that hasbeenrecentlyextendedto handleshased structues,
for representingand recanizinga setof complex indoor ac-
tivities. Furthermok, in theneedof real-timerecgnition, we
proposea Rao-Bla&wellisedparticle Iter (RBPF)that ef-
ciently computeshe ltering distribution at a constanttime
compleity for eadh new observationarrival. Themain con-
tributions of this paperlie in the application of the shaed-
structue HHMM, the estimationof the models parametes
at all levelssimultaneouslyand a constructionof an RBPF
appmoximateinferencescheme The experimentalresultsin
a real-world ernvironmenthavecon rmed our belief that di-
rectly modelingshared structures not only reducescompu-
tational cost, but also improvesrecanition accuracy when
compaedwith thetreeHHMM andthe at HMM.

1 Intr oduction

Building intelligent systemsn smartervironmentsis the
goal of much research1, 6, 10, 11, 12, 13]. In most of
thesesystemsmodelingandrecognizingactiities, especially
comple actvities, is a crucial problem. Although actii-
tiescanbeinferredfrom a wide rangeof datagiven by sen-
sorsthat penade the ervironment, we restrict this discus-
sion to dataacquiredthroughvideo camerasthatis, trajec-
tories. When a personexecutessereral actionsin an en-
vironment, theseactionscan often be broken into smaller
components. For example, the action of “making break-
fast”involvesasequencef subtasks(a) go_to_cupboad, (b)
go_to_fridge, and(c) go_to_dining_table Anotheraction,such
as‘“cooking dinner”, may involve go_to_fridge, go_to_stove
andgo_to_dining table Thus, not only do normal actiities
have a naturalhierarchythey alsohave sharedsubactions.
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The hiddenMarkov model (HMM) and someof its ex-
tensionssuchasthe couplehiddenMarkov model(CHMM)
or the variablelength Markov model (VLMM), areefcient
for representingandrecognizingsimple actwities [5, 9, 15].
However, these at modelsareinadequateéo modelcomplex
actiities becausehey cannotcharacterizehe hierarchicand
sharedstructurenaturally embeddedn the activities. Ear
lier approacheso tackling this problemincludethe layered
hiddenMarkov model(LHMM) [14], stochasticontet free
grammar(SCFG)[17], the abstracthidden Markov model
(AHMM) [4], and the hierarchicalhidden Markov model
(HHMM) [8, 3].

In [14], Oliveretal. usetheLHMM for recognizinghigh-
level actiities basedon real-time streamsof signalsfrom
multiple sourcesf sensorsTheactiities areclassi ed level
by level usingtheHMM. Theinferencan uencein theactiv-
ity hierarchyis oneway: from low level to highlevel. lvanos
andBobick [11] proposea two-stagealgorithmfor behaior
recognition.Theprimitive behaiors aredetectedatlow level
usingthebasicHMM. Then,thesystemusesanSCFGto rec-
ognizehigh-level behaiors. Theseapproacheshowever, do
not offer anintegratedmethodfor inferring behaiors all the
way from low level to high level. A fully integratedsystem
for modelinganddetectingboth high-level andlow-level be-
haviors is proposediy Nguyenet al. [13]. The systemuses
the abstracthidden Markov memory model (AHMEM) [2]
to modelthe behaiior hierarchy Althoughthe systemis ex-
pressve in representindiigh-level behaiors, it is limited in
learningthebehaviors' parameters.

Osentoski et al. [16] introduce a system using the
AHMM [4] for representinghe behaiors. Parameterdor
the modelcanbe learnedfrom labeledor unlabeleddataus-
ing the expectationmaximization(EM) algorithm,in which
theinferenceatthe E-stepis achieved by thejunctiontreeal-
gorithm. However, whenthe depthof the modelincreases,
this methodcan quickly becomeintractablebecauseof the
blow up in the maximumclique size. Anotherlimitation of
this systemis that speciallandmarksare not taken into ac-
count,thuslimiting the expressvenes®of thebehaior hierar
chy. Liao etal. [12] proposea suneillancesystemusingGPS
sensorso infer ausersdaily actiitiesin alargeandcomplec
ervironment.The AHMM is usedto representheactiity hi-
erarchy which hasthe following levels: (1) users goals,(2)



trip segments(startlocations,stop locations,and modesof
transportation)and (3) users locationsand velocities. The
EM algorithmis usedto learnthe users goalsandimportant
locationsfrom unlabeleddata. The parametersf the hierar
chicalactiity arethenestimatedisingthe Monte Carlo EM
method[19]. It is notclearhow the accuray of this method
would degradewhenthe complexity of themodelandthe ob-
senationlengthincrease.

This paperaimsto usethe HHMM, in particularits re-
centextension[3] thatallows for sharedstructuresfor tack-
ling two issues:(a) modelingandlearningcomplex behar-
iors from humanindoor trajectoriesand (b) recognizingthe
behaiors from new trajectories. We arguethat to build ro-
bust and scalablebehaior recognitionsystemsit is crucial
to modelnot only the naturalhierarchicaldecompositiorin
themovementtrajectoriesput alsotheinherentsharedstruc-
ture embeddedn the hierarchy The sharedstructurescan
alsobe duplicatedandrepresentedsinga tree-like structure
asin [8], but asempiricallyshavn in this paperour proposed
sharedstructuremodelnot only savescomputationatime but
is alsosuperiorin the recognitionaccurag whencompared
againstthe tree HHMM andthe at HHM. In addition, us-
ing the HHMM to modelactuities allows us to incorporate
prior knowledgeaboutthe structureof the behaioral hierar
chy. In theneedof real-timeinferencetheRao-Blackwellised
particle lter (RBPF)usedin the dynamicBayesiametwork
(DBN) [7] andespeciallyin theAHMM [4] is adaptedo pro-
vide anef cient approximaténferencemethod.Empiricalre-
sultsdemonstratinghe advantage®f thisRBPFschemever
theexactinferencemethodarealsoreported.

The novelty of this paperis threefold. (1) To the bestof
our knowledge, we are the rst to apply the HHMM with
sharedstructureso the problemof actiity recognitionin a
realenvironmentandwe demonstratéts superiorityover the
at HMM andtreeHHMM. (2) We estimateéhemodelparam-
etersin anintegratedway, ascomparedvith otherapproaches
thatemploy level-by-level parameteestimation14, 11]. Our
learning framework goesbeyond the work of Osentoskiet
al. [16] andLiao et al. [12] by using an efcient, scalable,
andexactalgorithmfor the problemof learningthe model's
parametersasopposedo theuseof the EM andjunctiontree
inferencealgorithmsin [16] or theMonteCarloEM algorithm
in [12]. (3) We adaptthe RBPF algorithm to the HHMM
and comparethe resultswith an exact inferencealgorithm,
demonstratinghe usefulnesf this approximateinference
scheme.

2 Hierarchical Hidden Mark ov Models

TheHHMM, rst introducedn [8], extendsthetraditional
HMM [18] in a hierarchicmannerto include a hierarchyof
hiddenstates.Eachstatein the normalHMM is generalized
recursvely asanothersub-HMM with specialend statesin-
cludedto signalwhenthe controlof the activationis returned
to the parentHMM. The original HHMM in [8], however,
requiresa strict tree-like structurein the topologicalspeci -
cationand thuslimits its expressvenessand hindersits ap-
plications. This problemhasbeentackledrecentlyin [3], in
which a generalizedorm of theHHMM is introducedwvhose

topology canbe a generallattice structure. More important,
the extendedHHMM canmodelsharedstructureghat natu-
rally exist in the domain.Becausef the spacerestriction,we
outline this modelin the next sectionandreferreaderdo [3]
for furtherdetails.

2.1 HHMM: Model de nition

A discrete HHMM is formally de ned by a 3-tuple
< ,;Y; >: atopologicalstructure , an obsenation al-
phabetY, anda setof parameters. Thetopology speci-
es thenumberof levelsD, the statespaceat eachlevel, and
the parent-childrenrelationshipbetweenevelsd andd + 1.
The statesat the lowestlevel (level D) arecalledproduction
statesThestatesatahigherleveld < D aretermedabstiact
states Only productionstateemitobsenation. Givenatopo-
logical speci cation andtheobsenationspaceY, the setof
parameters is de ned asfollows. DenoteB ;, asthe prob-
ability of observingy 2 Y giventhatthe productionstateis
p. For eachabstracstatep atlevel d andthe setof its chil-
drench(p ), we denote %P astheinitial distribution over

ch(p ), A,djp asthetransitionprobabilityfrom childi to child
j (;j 2 ch(p)), andA%? asthe probabilitythatp termi-

i;end
natesgivenits currentchild isi. The setof parameters is
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An abstracstatep atlevel d canbe executedasfollows.
First,p selectsastatei atthelowerleveld + 1 from theini-
tial distribution %P . Then,i is executeduntil it terminates.
At thistime, p canterminatewith probabilityAﬁ;gnd. If p
doesnot terminate,it continuesto selecta statej for execu-
tion from the distribution Af5p . Theloop continuesuntil p
terminates.'l’heexecutionopr is similar to the executionof
anabstracpolicy intheAHMM [4], exceptthat selects
alower level policy basedonly on the stateat the bottom
level, notonthepolicy °selectedn thepreviousstep.How-
ever, the abstracttateis a specialcaseof the abstracipolicy
in the AHMEM [2] (anextensionof the AHMM).

A representatiorof the HHMM as a DBN is provided
in [3], which de nes a joint probability distribution (JPD)
over the setof all variablesf x{; e; y; j 8(t; d)g, wherex?
is the stateat level d andtime t, € representsvhetherx!
terminater not, andy; is theobsenationattimet.

2.2 Learning parametersin the HHMM

We needto learnthe setof parameters of the HHMM
from an obsenation sequenceD. Bui et al. [3] have pro-
poseda methodbasedon the EM algorithm and the asym-
metricinside-outsidgAlO) algorithmto estimate . For this
method, the set of hiddenvariablesis H = fxd;eljt =

is the sufcient statisticfor
The EM algorithmreestimates by rst calculatingthe ex-
pectedsufcient statistic(ESS) = Eyo . Then,there-
sultis normalizedto obtain the new valugfor . 'I;he ESS
. t=T 1 P
for the parameterAi‘?j’p , for example, is tlr—‘(")



where £ (i) = Pr(xf = pix{™t = i x{i} = j e =

e?*l =T,0). TheESSforA P canbe computedy the

AIO algorithm[3]. The ESSfor the otherparametersf is
computedn a similar manner The compleity for the AIO

algorithmis cubicin the lengthof the obsenationsequence,

but linearin the numberof statesof themodel.

2.3 Exact and approximate inference for the
HHMM

The AIO algorithmcanbe useddirectly to derive an ex-
act ltering algorithm as follows. At time t, ™, (i; j)

is computedby the AIO algorithm. Summing tdpl (i; 1)

over p, i, &, and e}, we obtain the probability

Pr(x‘“ljyl;::"yt) Note that, at the next time, & (i)

can be derived from tdpl (i; ) by stretchingthis probabil-
ity one more time slice. Thus, the compleity of the ex-
act ltering algorithmis O(T?).  This algorithm can be
well suitedfor short-termrecognition, but it might not be
realistic for a real-timerecognitiontask when the obsena-
tion lengthT grows. Alternatively, the RBPFhasbeensuc-
cessfully deployed in the AHMM [2] and can be readily
adaptedfor the HHMM. Denote: x{P | fxi;:::;xPg,
e , feiinelg e felD"'Uetl:Dg, Yt
fyi;:ivt0. The|deaof the RBPFls thatthe Iterlng dis-
tribution attimet  thatis, Pr(x{'P;el'P j yi¢) s ap-
proximatedvia a two-stepprocedure; (1) samplingthe Rao-
BIackweIhsed(RB) vanableetl'D from the currentRB belief
stateB; = Pr(x#P;efP;y;j el’P ), and(2) updatingthe
RB belief stateB+ usmgexactmference

At eachtime stept, the algorithm maintainsa setof N
samplesgeachconsistingof the distribution of oneslice net-
work Cy , Pr(x{'PjekP |). TheRB belief stateB; canbe
obtaineddirectly from C; by addingin the network represent-
ing the conditionaldistributionof y; andel'® . A new sample
el'® canbeobtainedrom thecanonicaform of C; (afterob-
sorbingy;). At the next time slice, C;.; is constructecby
projectingC; over oneslice basedon the sampledvalue of
el'P. The completealgorithmis shavn in Algorithm 1. The
compleity of theRBPFalgorithmfor theHHMM isO(N D),
whereN is the numberof samplesaandD is the depthof the
model.

3 Implementation

We applythe HHMM with sharedstructureto modelpeo-
ple behaiors in a real environment. The ervironmentis a
room in which two staticcamerasare usedto track people.
We areinterestedn somespeciallandmarksin the erviron-
ment:the stove, cupboarddining chair, fridge, TV chair, and
door. Fig. 1(a)and(b) shav the room andthe specialland-
marksviewed from the two cameras. The room is divided
into a grid of cellsor stateswhicharenumberedL, 2,..., 24
(Fig. 2).

A two-level behaior hierarchyis de ned in the environ-
ment. The top level consistsof complex behaiors and the

Algorithm 1 RBPFfor the HHMM

Begin
Fort=1;2;:::
[* samplingstep*/
For eachsamplel = 1;2;:::;N
Absorby; into C_t(') _
CanonicalizeC,"”, updataNeightwt') = Bi(yt)
Sampleer® ") from ¢ andPr(elP j x1D)
[* re-samplingstep*/

Normalizetheweightw(® = » "

'?m
Re- sampl&hesampl&etaccordlngo w(l)
[* exactstep*/
Foreachsample = 1;2;:::;N
ComputeC’l), from C{" ande]”
[* Estimationstep*/
1

ComputePr(xd,; jyi1)

D (i)

i= 1 Ct(+1 (Xt+1)

End
TV chair . Cupbofar.d .
Door Fridge Stove Dining chair
Dining chair Fridge TV chair
(a) cameral (b) camera2

Figurel. Thesceneviewedfrom thetwo cameras.

bottomlevel consistsof primitive behaviors. A primitive be-
havior is a persons action of going from one landmarkto

another The primitive behaior terminatesvhenthe person
reacheghedesignatedandmark.Table1 shavs 12 primitive

behaiorsde nedin theervironment.

A complex behaior is a persons$ action of visiting a se-
quenceof landmarks. It canbe re ned into a sequencenf
primitive behaiors. We considerthree complex behaiors

shortmeal havesnadk, andnormalmeal of which the
topologiesare showvn in Fig. 3(a), (b), and (c), respectiely.
Notethatthetopologiesof thesecomplex behaiors arespec-
i ed by observingheirtypical patternsn theervironment.

A persorexecutingbehaior shortmealwill rst enterthe
room via the door, go to the cupboardandgo to the fridge.
Then,the personmay exit the roomvia the dooror go to the
dining chair From the dining chair, the personcanexit the
room or comebackto the fridge. In the latter case he again
hastwo choices:exiting theroomor goingto thedining chair
(Fig. 3(a)). The behaior shortmealinvolvesthe following
landmarksthedoor, cupboardfridge, anddining chair. This
complex behaior canbere ned into a sequencef primitive



Cupboard

Camera 1
Stove —
+— Dining chair
Fridge —
TV chair—
Camaaé

Door

Figure2. Theernvironmentusedin the system.

Beh| Landmarks Beh| Landmarks

1 | Doorl Cupboard 7 | Fridgd TV chair
2 | Cupboard Fridge | 8 | TV chait Door

3 | Fridgd Diningchair 9 | Fridgd Stove

4 | Dining chait Door | 10| Stove! Dining chair
5 | Doort TV chair 11| Fridge Door

6 | TV chail Cupboard12| Dining chaif Fridge

Tablel. Thesetof primitive behaiors.

behaiors1,2,3,4,11,and12.

The primitive and complex behaviors are mappedinto a
shared-structurelHMM, which hasfour levels. Level 1 is
aroot behavior. Levels2 and3 arethe comple< and primi-
tive behaiors, respectiely. Level 4 representshe statesof
the ervironment. Obsenationsof thesestatesare the cells
in the ervironment. The hierarchyof behaiors and states
is shawvn in Fig. 4. Note that someprimitive behaiors are
sharedoy multiple complex behaiors; for example behavior
2 is sharedby short meal havesnadk, andnormalmeal The
parametersf theHHMM arethematrices %P; A%P, A?éﬁd],
andthe obserationmodelB, whered = 1;2, or3andpisa
behaior atlevel d.

4 Experimental Results
4.1 Dataand evaluations

The training data consistsof 45 obsenation sequences
obtainedfrom 45 real scenarios. In eachscenario,a per
sonexecutesoneof thethreecomplex behaviors: shortmeal
havesnad, andnormalmeal The persons trajectoryis ob-
tained from the tracking system,and corvertedinto a se-
guenceof cellsor obsenations. As a result,we have 45 ob-
senation sequences.The testdata is a differentset of 43
obsenationsequencesbtainedn a similarway.

We evaluatethe performancef differentmodelsin behar-
ior recognitionbasedon the accuracy rate, early detection
and correctduration. First, the winning behaviorof an ob-

Cupboard

beh 2

beh 6

Cupboard

beh 2

beh 12

Fridge

Fridge
9 beh 7

Door

Terminate

Terminate

Terminate

(a) shortmeal

(b) havesnad (c) normalmeal

Figure3. Thecomple« behaiors.

Level 1

Root behavior

Level 2 \

N

Short_meal J [ Have_snack Normal_meal J

Level 3 \ \
Behavior 1 Behavior 2 Behavior 1
Behavior 2 Behavior 5 Behavior 2
Behavior 3 Behavior 6 Behavior 4
Behavior 4 Behavior 7 Behavior 9
Behavior 11 Behavior 8 Behavior 10
Behavior 12 Behavior 11
Behavior 12
Level 4
States 1,2,...,24 J

Figure4. Thebehaior andstatehierarchy

senationsequencés de ned asthe complex behaior thatis
assignedhe highestprobability at the end of the sequence.
Then,the accumcy rate is the ratio of the numberof obser
vationsequencesf whichthewinningbehaviormatcheghe
groundtruth, to the total numberof test sequencesWhen
the winning behavior matchesthe groundtruth, we de ne:
early detection, % whereT is the obsenation sequence
length, andt = minftjPr(winningbehavio) is highest
from time t to Tg. The early detectionrepresentshow
early the systemdetectsthe winning behavior We de ne:
correctduration, ?, whereP isthetotal of thetime period,
in which the primitive behaior assignedhe highestproba-
bility matchedhe groundtruth. Notethatthe early detection
andthe correctduration refer to recognitionperformanceat
differentlevelsin the hierarchy;they do not necessarilysum
upto more(or less)than100%.A reliablesystemin behavior
recognitionwill have highaccuracyrate, low early detection
andhigh correctduration.



4.2 Performanceof hand-codedHHMM

The parametersf the hand-codedHHMM areinitialized
by observingtypical patternsof the threecomplex behaiors
shortmeal havesnadk, andnormalmeal The exact lter -
ing algorithmis usedwith the hand-codedHHMM to infer
thebehaiors atdifferentlevels. Fig. 5(a) showvs the probabil-
ity distribution of the complex behaviors for an obsenation
sequencever time. Fromtimet = 25 to the endof the
sequencenormalmealis beingassignedhe highestproba-
bility. Thus,normalmealis the winning behaviorof this se-
guenceandthe early detectionist =T = 2552 48:08%
We considerthe resultsof queryingthe primitive behaior.
Thegroundtruthfor thisobsenationsequencés thataperson
executegrimitive behaviors 1, 2, 9, 10, and4 consecutiely,
with the correspondingstartingtimes1, 13, 25, 27, and 36,
respectiely. Fig. 5(b) shavs the probabilitiesthatthe system
assignghe primitive behaiors over time (behaviors with in-
signi cant probability areomittedfrom the gure). Thecor-
rectdurationis approximately94.23%,meaningthatmostof
time the systemdetectghe primitive behaior correctly

12 T T

12 T T

T T

short_meal
have_snack ——-—- beh2 ————-
1 normal_meal - - - - - 1 -oo

08 [ B 08

0.6 |- i - 0.6

Probability

0.4 A 0.4

0.2 0.2

o 1 L1 I o
10 20 t*=25 30 40 T=52
Time

(a) Complex behavior (b) Primitive behavior

Figure5. Queryingthe behaiors with the hand-codedHHMM.

Consideringthe resultsof queryingthe behaiors in the
testdata,which consistf 43 testsequenceghesystenrec-
ognizescorrectlythewinningbehaviorin 41 sequencesThe
accuracyrateis 41=43 95:35% The averagef theearly
detectionand correct duration are 52.90%and 66.72%,re-
spectvely.

4.3 Comparing learned HHMM with hand-coded
HHMM, at HMM, andtreeHHMM

Compare against hand-coded HHMM. We learn the pa-
rameter®f theHHMM usingthe EM andAlO algorithmg3]
to obtainthe learnedHHMM. The training datais provided
in Sectiond.1. ThelearnedHHMM is thenusedto recognize
the behaiors in the 43 test sequences.Table 2 shaws the
performanceof the learned HHMM in comparisonwith
the hand-codecHHMM. The accuracy rate of the learned
HHMM is higherthanthatof thehand-codedHHMM (100%
versus95.35%). The early detectionof the learnedHHMM
is lower thanthat of the hand-codedHHMM (16.96%versus
52.90%),meaningthat the learnedHHMM is ableto detect
the winning behavior earlier The correct duration of the
learnedHHMM s also higher than that of the hand-coded
HHMM. The resultsshowv that the learnedHHMM outper
formsthehand-codedHHMM in behaior recognition.

Learned Hand- | Flat Tree
HHMM | coded | HMMs | HHMM
HHMM
Accurag/rate | 100% | 95.35% | 90.70% | 100%
Early detection| 16.96% | 52.90% | 27.96% | 31.74%
Correctduration 73.44% | 66.72% 49.21%

Table 2. Performancef the learnedHHMM, hand-codedHHMM,
at HMM andtreeHHMM.

Compare against at HMM. We use the at HMM to
recognizecomplex behaior. An HMM is createdfor each
complex behaior shortmeal havesnadk, or normalmeal
The parameterof an HMM are learnedusing the training
datain Section4.1. Table 2 comparesthe performance
of the at HMM with the learnedHHMM. The sametest
datain Section4.1is usedto evaluatethe two models. The
accuracyrate of the systemwith the at HMM is lower than
that of the systemwith the learnedHHMM (90.70%versus
100%). The averageof the early detectionof the system
with the at HMM is 27.96%,which is higherthanthat of
the systemwith the learnedHHMM (16.96%). The results
shawv thatthe learnedHHMM is ableto recognizethe com-
plex behaiorsmoreaccuratelyandearlierthanthe at HMM.

Compare against tree HHMM. We createa tree HHMM
from theshared-structurelHMM de nedin Section3 by du-
plicatingeachprimitive behaior beingthechild of two com-
plex behaiors (Fig. 6). The parametersor the treeHHMM
are estimatedusingthe EM algorithmwith the training data
providedin Section4.1. The averagedime peroneiteration
in the caseof thetreeHHMM s aboutl.5timesslower than
thatof the shared-structurelHMM. We usethetreeHHMM
to recognizebehaiors in the 43 testsequencesThe results
in Table2 shawv thatthe shared-structurelHMM recognizes
thebehaiors morereliably thanthetreeHHMM.

[ Short_meal} [ Have_snack} [Normal_meal}

Behavior 1 Behavior 13 Behavior 14
Behavior 2 Behavior 5 Behavior 15
Behavior 3 Behavior 6 Behavior 16
Behavior 4 Behavior 7 Behavior 9
Behavior 11 Behavior 8 Behavior 10
Behavior 12 Behavior 17
Behavior 18

Behavior 2 = Behavior 13 = Behavior 15
Behavior 11 = Behavior 17

Behavior 1 = Behavior 14
Behavior 4 = Behavior 16
Behavior 12 = Behavior 18

Figure6. Theprimitive andcomplex behaiors of thetreeHHMM.

4.4 Comparing the exact Itering algorithm with
the RBPF

Sofarin thissectionwe have usedtheexact ltering algo-
rithm basednthe AlIO methodfor behavior recognition.The
computationatomplexity of this algorithmis O(T ?). Thus,
it is not realisticin long scenarios Alternatively, we canuse



theRBPFasdiscussedh Section2 for theinferencetask. Ta-

ble 3 comparesheresultsof queryingthebehaiorsusingthe

RBPFandexact Itering algorithm. The testdatadescribed
in Sectiord.lis used.Whenthenumberof sampledN = 50,

the RBPF misclassi esthe complex behaor in a testobser

vationsequenceTheaccuacyrateis 42=43 97:67% But

whenN = 200 the RBPFdetectscorrectlythe complex be-
haviorsin all testsequence@heaccuracyrateis 100%).The
early detectionand correct duration obtainedby the RBPF
areaboutthe sameasthe resultsobtainedby the exact Iter -

ing algorithm(Table3).

Fig. 7 compareshe running time of the RBPF with the
exact Itering algorithm. The runningtime for eachtime t
of the RBPFis nearlyconstantwhile thatof the exact Iter -
ing algorithmincreasesigni cantly whent increasesAs in
the gure, whenN = 50 and 200, the runningtime of the
RBPFis lessthanthat of the exact Itering algorithmfrom
timet; = 3andt, = 10, respectiely. At theendof theob-
senationsequencét=52), the RBPFis muchfasterthanthe
exact ltering algorithm.

Exact Itering RBPF
N =50 N =200
Accurag rate 100% 97.67% | 100%
Early detection 16.96% 14.74% | 15.97%
Correctduration 73.44% 73.45% | 72.88%

Table3. Comparingthe performancef the exact Itering algorithm
with the RBPFalgorithm.

T T
Exact filtering
RBPF (N=200) -----

Time (seconds)

0
t1=3 2=10 20 30 40

Figure7. Therunningtimefor eachtime stampof theexactinference
andRBPFalgorithms.

5 Conclusion

We have presentedhe useof theshared-structureHMM
torecognizepeoplebehaiors. Theparametersf the HHMM
havebeenlearnedrom realandunlabelediata.We have used
boththeexactapproximatenferencealgorithmandthe RBPF
to infer behaviors at differentlevels. Experimentalresults
in a real environmentdemonstrateéhe ability of the shared-
structureHHMM to track peoplebehaiors reliably, andthe
superiorityof theshared-structurdHMM overthe at HMM
andtreeHHMM. Theresultsalsoshav the advantage®f the
RBPFinferencealgorithmto anexactmethodin arealappli-
cation.
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