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Abstract

Directlymodelingtheinherenthierarchyandsharedstruc-
turesof humanbehaviors, we presentan applicationof the
hierarchical hiddenMarkov model(HHMM) for theproblem
of activity recognition. We arguethat to robustly modeland
recognizecomplex humanactivities, it is crucial to exploit
both the natural hierarchical decompositionand shared se-
manticsembeddedin themovementtrajectories.To this end,
we proposethe useof the HHMM, a rich stochastic model
that hasbeenrecentlyextendedto handleshared structures,
for representingandrecognizinga setof complex indoor ac-
tivities. Furthermore, in theneedof real-timerecognition,we
proposea Rao-Blackwellisedparticle �lter (RBPF)that ef�-
ciently computesthe �ltering distribution at a constanttime
complexity for each new observationarrival. Themaincon-
tributionsof this paper lie in the applicationof the shared-
structure HHMM, the estimationof the model's parameters
at all levelssimultaneously, and a constructionof an RBPF
approximateinferencescheme. The experimentalresultsin
a real-world environmenthavecon�rmed our belief that di-
rectly modelingshared structures not only reducescompu-
tational cost, but also improvesrecognition accuracy when
comparedwith thetreeHHMM andthe�at HMM.

1 Intr oduction

Building intelligent systemsin smartenvironmentsis the
goal of much research[1, 6, 10, 11, 12, 13]. In most of
thesesystems,modelingandrecognizingactivities,especially
complex activities, is a crucial problem. Although activi-
tiescanbe inferredfrom a wide rangeof datagivenby sen-
sors that pervade the environment, we restrict this discus-
sion to dataacquiredthroughvideo cameras,that is, trajec-
tories. When a personexecutesseveral actionsin an en-
vironment, theseactionscan often be broken into smaller
components. For example, the action of “making break-
fast” involvesasequenceof subtasks:(a)go to cupboard, (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 normalactivities
havea naturalhierarchy, they alsohavesharedsubactions.

The hiddenMarkov model (HMM) and someof its ex-
tensions,suchasthecouplehiddenMarkov model(CHMM)
or the variablelengthMarkov model(VLMM), areef�cient
for representingandrecognizingsimpleactivities [5, 9, 15].
However, these�at modelsareinadequateto modelcomplex
activities becausethey cannotcharacterizethehierarchicand
sharedstructurenaturally embeddedin the activities. Ear-
lier approachesto tackling this problemincludethe layered
hiddenMarkov model(LHMM) [14], stochasticcontext free
grammar(SCFG) [17], the abstracthidden Markov model
(AHMM) [4], and the hierarchicalhidden Markov model
(HHMM) [8, 3].

In [14], Oliveret al. usetheLHMM for recognizinghigh-
level activities basedon real-time streamsof signalsfrom
multiple sourcesof sensors.Theactivities areclassi�ed level
by level usingtheHMM. Theinferencein�uence in theactiv-
ity hierarchyis oneway: from low level to high level. Ivanov
andBobick [11] proposea two-stagealgorithmfor behavior
recognition.Theprimitivebehaviorsaredetectedat low level
usingthebasicHMM. Then,thesystemusesanSCFGto rec-
ognizehigh-level behaviors. Theseapproaches,however, do
not offer an integratedmethodfor inferring behaviors all the
way from low level to high level. A fully integratedsystem
for modelinganddetectingbothhigh-level andlow-level be-
haviors is proposedby Nguyenet al. [13]. The systemuses
the abstracthiddenMarkov memorymodel (AHMEM) [2]
to modelthebehavior hierarchy. Althoughthesystemis ex-
pressive in representinghigh-level behaviors, it is limited in
learningthebehaviors' parameters.

Osentoski et al. [16] introduce a system using the
AHMM [4] for representingthe behaviors. Parametersfor
themodelcanbe learnedfrom labeledor unlabeleddataus-
ing the expectationmaximization(EM) algorithm,in which
theinferenceat theE-stepis achievedby thejunctiontreeal-
gorithm. However, when the depthof the model increases,
this methodcan quickly becomeintractablebecauseof the
blow up in the maximumclique size. Another limitation of
this systemis that speciallandmarksare not taken into ac-
count,thuslimiting theexpressivenessof thebehavior hierar-
chy. Liao etal. [12] proposeasurveillancesystemusingGPS
sensorsto infer auser'sdaily activities in alargeandcomplex
environment.TheAHMM is usedto representtheactivity hi-
erarchy, which hasthe following levels: (1) user's goals,(2)



trip segments(start locations,stop locations,and modesof
transportation),and(3) user's locationsandvelocities. The
EM algorithmis usedto learntheuser's goalsandimportant
locationsfrom unlabeleddata.Theparametersof thehierar-
chicalactivity arethenestimatedusingtheMonteCarloEM
method[19]. It is not clearhow theaccuracy of this method
woulddegradewhenthecomplexity of themodelandtheob-
servationlengthincrease.

This paperaims to usethe HHMM, in particular its re-
centextension[3] thatallows for sharedstructures,for tack-
ling two issues:(a) modelingand learningcomplex behav-
iors from humanindoor trajectoriesand(b) recognizingthe
behaviors from new trajectories.We arguethat to build ro-
bust andscalablebehavior recognitionsystems,it is crucial
to modelnot only the naturalhierarchicaldecompositionin
themovementtrajectories,but alsotheinherentsharedstruc-
ture embeddedin the hierarchy. The sharedstructurescan
alsobeduplicatedandrepresentedusinga tree-like structure
asin [8], but asempiricallyshown in thispaper, ourproposed
sharedstructuremodelnotonly savescomputationaltimebut
is alsosuperiorin the recognitionaccuracy whencompared
againstthe treeHHMM and the �at HHM. In addition,us-
ing the HHMM to modelactivities allows us to incorporate
prior knowledgeaboutthestructureof thebehavioral hierar-
chy. In theneedof real-timeinference,theRao-Blackwellised
particle�lter (RBPF)usedin thedynamicBayesiannetwork
(DBN) [7] andespeciallyin theAHMM [4] is adaptedto pro-
videanef�cient approximateinferencemethod.Empiricalre-
sultsdemonstratingtheadvantagesof thisRBPFschemeover
theexactinferencemethodarealsoreported.

The novelty of this paperis threefold. (1) To the bestof
our knowledge,we are the �rst to apply the HHMM with
sharedstructuresto the problemof activity recognitionin a
realenvironmentandwe demonstrateits superiorityover the
�at HMM andtreeHHMM. (2)Weestimatethemodelparam-
etersin anintegratedway, ascomparedwith otherapproaches
thatemploy level-by-levelparameterestimation[14, 11]. Our
learning framework goesbeyond the work of Osentoskiet
al. [16] andLiao et al. [12] by usingan ef�cient, scalable,
andexact algorithmfor theproblemof learningthemodel's
parameters,asopposedto theuseof theEM andjunctiontree
inferencealgorithmsin [16] or theMonteCarloEM algorithm
in [12]. (3) We adaptthe RBPF algorithm to the HHMM
and comparethe resultswith an exact inferencealgorithm,
demonstratingthe usefulnessof this approximateinference
scheme.

2 Hierar chical Hidden Mark ov Models

TheHHMM, �rst introducedin [8], extendsthetraditional
HMM [18] in a hierarchicmannerto includea hierarchyof
hiddenstates.Eachstatein thenormalHMM is generalized
recursively asanothersub-HMM with specialendstatesin-
cludedto signalwhenthecontrolof theactivationis returned
to the parentHMM. The original HHMM in [8], however,
requiresa strict tree-like structurein the topologicalspeci�-
cationand thus limits its expressivenessandhindersits ap-
plications. This problemhasbeentackledrecentlyin [3], in
whicha generalizedform of theHHMM is introducedwhose

topologycanbe a generallattice structure.More important,
the extendedHHMM canmodelsharedstructuresthat natu-
rally exist in thedomain.Becauseof thespacerestriction,we
outlinethis modelin thenext sectionandreferreadersto [3]
for furtherdetails.

2.1 HHMM: Model de�nition

A discrete HHMM is formally de�ned by a 3-tuple
< � ; Y; � > : a topologicalstructure� , an observation al-
phabetY, anda setof parameters� . The topology� speci-
�es thenumberof levelsD , thestatespaceat eachlevel, and
the parent-childrenrelationshipbetweenlevels d andd + 1.
Thestatesat the lowestlevel (level D ) arecalledproduction
states.Thestatesat a higherlevel d < D aretermedabstract
states.Only productionstatesemitobservation.Givenatopo-
logical speci�cation� andtheobservationspaceY, thesetof
parameters� is de�ned asfollows. DenoteB y jp astheprob-
ability of observingy 2 Y giventhat theproductionstateis
p. For eachabstractstatep� at level d andthesetof its chil-
drench(p� ), we denote� d;p �

asthe initial distribution over
ch(p� ), Ad;p �

i;j asthetransitionprobabilityfromchild i to child

j (i; j 2 ch(p� )), andAd;p �

i; end astheprobabilitythatp� termi-
natesgiven its currentchild is i . The setof parameters� is
f By jp, � d;p �

, Ad;p �

i;j , Ad;p �

i; end j 8(y; p;d;p� ; i; j )g.
An abstractstatep� at level d canbeexecutedasfollows.

First,p� selectsastatei at thelower level d + 1 from theini-
tial distribution � d;p �

. Then,i is executeduntil it terminates.
At this time, p� canterminatewith probability Ad;p �

i; end. If p�

doesnot terminate,it continuesto selecta statej for execu-
tion from thedistribution Ad;p �

i;j . The loop continuesuntil p�

terminates.Theexecutionof p� is similar to theexecutionof
anabstractpolicy � � in theAHMM [4], exceptthat� � selects
a lower level policy � basedonly on the stateat the bottom
level, noton thepolicy � 0 selectedin thepreviousstep.How-
ever, theabstractstateis a specialcaseof theabstractpolicy
in theAHMEM [2] (anextensionof theAHMM).

A representationof the HHMM as a DBN is provided
in [3], which de�nes a joint probability distribution (JPD)
over the setof all variablesf xd

t ; ed
t ; yt j 8(t; d)g, wherexd

t
is the stateat level d and time t, ed

t representswhetherxd
t

terminatesor not,andyt is theobservationat time t.

2.2 Learning parametersin the HHMM

We needto learn the set of parameters� of the HHMM
from an observation sequenceO. Bui et al. [3] have pro-
poseda methodbasedon the EM algorithm and the asym-
metric inside-outside(AIO) algorithmto estimate� . For this
method, the set of hidden variablesis H = f xd

t ; ed
t jt =

1; : : : ; T; d = 1; : : : ; Dg, whereT is the length of the ob-
servation sequence.The set of observed variablesis O =
f y1; : : : ; yT g. Assumethat � is the suf�cient statisticfor � .
The EM algorithmreestimates� by �rst calculatingthe ex-
pectedsuf�cient statistic(ESS) �� = EHjO � . Then, the re-
sult is normalizedto obtain the new value for � . The ESS
for the parameterAd;p �

i;j , for example, is
P t = T � 1

t =1 � d;p �

t ( i;j )
Pr (O ) ,



where� d;p �

t (i; j ) = Pr(xd
t = p� ; xd+1

t = i; xd+1
t +1 = j; ed

t =

F; ed+1
t = T; O). TheESSfor Ad;p �

i;j canbecomputedby the
AIO algorithm[3]. TheESSfor theotherparametersof � is
computedin a similar manner. The complexity for the AIO
algorithmis cubic in the lengthof theobservationsequence,
but linearin thenumberof 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, � d;p �

t � 1 (i; j )

is computedby the AIO algorithm. Summing � d;p �

t � 1 (i; j )
over p� , i , ed

t � 1 and ed+1
t � 1 , we obtain the probability

Pr(xd+1
t jy1; : : : ; yt ). Note that, at the next time, � d;p �

t (i; j )
can be derived from � d;p �

t � 1 (i; j ) by stretchingthis probabil-
ity one more time slice. Thus, the complexity of the ex-
act �ltering algorithm is O(T 2). This algorithm can be
well suited for short-termrecognition,but it might not be
realistic for a real-timerecognitiontask when the observa-
tion lengthT grows. Alternatively, the RBPFhasbeensuc-
cessfully deployed in the AHMM [2] and can be readily
adaptedfor the HHMM. Denote: x1:D

t , f x1
t ; : : : ; xD

t g,
e1:D

t , f e1
t ; : : : ; eD

t g, e1:D
1:t , f e1:D

1 ; : : : ; e1:D
t g, y1:t ,

f y1; : : : ; yt g. The ideaof the RBPFis that the �ltering dis-
tribution at time t � that is, Pr(x1:D

t ; e1:D
t j y1:t ) � is ap-

proximatedvia a two-stepprocedure:(1) samplingtheRao-
Blackwellised(RB) variablee1:D

t from thecurrentRB belief
stateB t = Pr(x1:D

t ; e1:D
t ; yt j e1:D

1:t � 1), and(2) updatingthe
RB belief stateB t usingexactinference.

At eachtime stept, the algorithm maintainsa set of N
samples,eachconsistingof thedistribution of oneslice net-
work Ct , Pr(x1:D

t j e1:D
1:t � 1). TheRB belief stateB t canbe

obtaineddirectly from Ct by addingin thenetwork represent-
ing theconditionaldistributionof yt ande1:D

t . A new sample
e1:D

t canbeobtainedfrom thecanonicalform of Ct (afterob-
sorbingyt ). At the next time slice, Ct +1 is constructedby
projectingCt over oneslice basedon the sampledvalueof
e1:D

t . Thecompletealgorithmis shown in Algorithm 1. The
complexity of theRBPFalgorithmfor theHHMM isO(N D),
whereN is thenumberof samplesandD is thedepthof the
model.

3 Implementation

We applytheHHMM with sharedstructureto modelpeo-
ple behaviors in a real environment. The environmentis a
room in which two staticcamerasareusedto track people.
We areinterestedin somespeciallandmarksin the environ-
ment:thestove,cupboard,diningchair, fridge,TV chair, and
door. Fig. 1(a) and(b) show the room andthe specialland-
marksviewed from the two cameras.The room is divided
into a grid of cellsor states,which arenumbered1, 2,.. . , 24
(Fig. 2).

A two-level behavior hierarchyis de�ned in the environ-
ment. The top level consistsof complex behaviors and the

Algorithm 1 RBPFfor theHHMM
Begin
For t = 1; 2; : : :

/* samplingstep*/
For eachsamplei = 1; 2; : : : ; N

Absorbyt into C( i )
t

CanonicalizeC( i )
t , updateweightw( i )

t = B t (yt )
Samplee1:D ( i )

t from C( i )
t andPr(e1:D

t j x1:D
t )

/* re-samplingstep*/
Normalizetheweight ~w( i ) = w ( i )

P N
i =1 w ( i )

Re-samplethesamplesetaccordingto ~w( i )

/* exactstep*/
For eachsamplei = 1; 2; : : : ; N

ComputeC( i )
t +1 from C( i )

t ande1:D ( i )
t

/* Estimationstep*/
ComputePr(xd

t +1 j y1:t ) � 1
N

P N
i =1 C( i )

t +1 (xd
t +1 )

End

Door Fridge
TV chair

Dining chair TV chair

Stove

Fridge

Cupboard
Dining chair

(a) camera1 (b) camera2

Figure1. Thesceneviewedfrom thetwo cameras.

bottomlevel consistsof primitive behaviors. A primitive be-
havior is a person's action of going from one landmarkto
another. The primitive behavior terminateswhentheperson
reachesthedesignatedlandmark.Table1 shows12primitive
behaviorsde�ned in theenvironment.

A complex behavior is a person's actionof visiting a se-
quenceof landmarks. It can be re�ned into a sequenceof
primitive behaviors. We considerthreecomplex behaviors
� short meal, havesnack, andnormal meal� of which the
topologiesareshown in Fig. 3(a), (b), and(c), respectively.
Notethatthetopologiesof thesecomplex behaviorsarespec-
i�ed by observingtheir typical patternsin theenvironment.

A personexecutingbehavior short mealwill �rst enterthe
room via the door, go to thecupboard,andgo to the fridge.
Then,thepersonmayexit theroomvia thedooror go to the
dining chair. From the dining chair, the personcanexit the
roomor comebackto the fridge. In the lattercase,heagain
hastwo choices:exiting theroomor goingto thediningchair
(Fig. 3(a)). The behavior short meal involvesthe following
landmarks:thedoor, cupboard,fridge,anddining chair. This
complex behavior canbere�ned into a sequenceof primitive
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13 14 15 16
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Camera 1

TV chair

Cupboard

Fridge

Stove

Door

Camera 2

Dining chair

Figure2. Theenvironmentusedin thesystem.

Beh. Landmarks Beh. Landmarks
1 Door! Cupboard 7 Fridge! TV chair
2 Cupboard! Fridge 8 TV chair! Door
3 Fridge! Dining chair 9 Fridge! Stove
4 Dining chair! Door 10 Stove! Dining chair
5 Door! TV chair 11 Fridge! Door
6 TV chair! Cupboard12 Dining chair! Fridge

Table1. Thesetof primitivebehaviors.

behaviors1, 2, 3, 4, 11,and12.
The primitive and complex behaviors are mappedinto a

shared-structureHHMM, which hasfour levels. Level 1 is
a root behavior. Levels 2 and3 arethe complex andprimi-
tive behaviors, respectively. Level 4 representsthe statesof
the environment. Observationsof thesestatesare the cells
in the environment. The hierarchyof behaviors and states
is shown in Fig. 4. Note that someprimitive behaviors are
sharedby multiplecomplex behaviors; for example,behavior
2 is sharedby short meal, havesnack, andnormal meal. The
parametersof theHHMM arethematrices� d;p ; Ad;p , Ad;p

[end] ,
andtheobservationmodelB , whered = 1; 2, or 3 andp is a
behavior at level d.

4 Experimental Results

4.1 Data and evaluations

The training data consistsof 45 observation sequences
obtainedfrom 45 real scenarios. In eachscenario,a per-
sonexecutesoneof thethreecomplex behaviors: short meal,
havesnack, andnormal meal. Theperson's trajectoryis ob-
tained from the tracking system,and converted into a se-
quenceof cellsor observations.As a result,we have 45 ob-
servation sequences.The test data is a different set of 43
observationsequencesobtainedin a similarway.

Weevaluatetheperformanceof differentmodelsin behav-
ior recognitionbasedon the accuracy rate, early detection,
andcorrect duration. First, the winning behaviorof an ob-
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beh 1

beh 2

Cupboard

Door

beh 3

Terminate

Fridge

Door

beh 12

beh 11

Dining chair

Terminate

Start

beh 2

Door

beh 5

beh 8

beh 7
Fridge

Cupboard

TV chair

Door

beh 6

Start

beh 1

beh 10

beh 9

Stove

Fridge

beh 2

Cupboard

Door

Terminate

beh 12

beh 11

beh 4

beh 9

Dining chair

Fridge

Door

(a) short meal (b) havesnack (c) normal meal

Figure3. Thecomplex behaviors.

Root behavior

Short_meal Have_snack Normal_meal

Behavior 1Behavior 2Behavior 1
Behavior 5 Behavior 2

Behavior 4
Behavior 9
Behavior 10
Behavior 11
Behavior 12

States 1,2,...,24

Behavior 2
Behavior 6
Behavior 7
Behavior 8

Behavior 3
Behavior 4
Behavior 11
Behavior 12

Level 1

Level 4

Level 2

Level 3

Figure4. Thebehavior andstatehierarchy.

servationsequenceis de�ned asthecomplex behavior that is
assignedthe highestprobability at the endof the sequence.
Then,the accuracy rate is the ratio of the numberof obser-
vationsequences,of which thewinningbehaviormatchesthe
groundtruth, to the total numberof test sequences.When
the winning behaviormatchesthe groundtruth, we de�ne:
earlydetection, t �

T , whereT is the observation sequence
length, and t � = min f tj Pr(winningbehavior) is highest
from time t to Tg. The early detectionrepresentshow
early the systemdetectsthe winning behavior. We de�ne:
correctduration , P

T , whereP is thetotalof thetimeperiod,
in which the primitive behavior assignedthe highestproba-
bility matchesthegroundtruth. Notethattheearlydetection
andthe correctduration refer to recognitionperformanceat
differentlevels in thehierarchy;they do not necessarilysum
upto more(or less)than100%.A reliablesystemin behavior
recognitionwill havehighaccuracyrate, low earlydetection,
andhighcorrectduration.



4.2 Performanceof hand­codedHHMM

The parametersof thehand-codedHHMM areinitialized
by observingtypical patternsof the threecomplex behaviors
short meal, havesnack, andnormal meal. The exact �lter -
ing algorithm is usedwith the hand-codedHHMM to infer
thebehaviorsatdifferentlevels.Fig. 5(a)showstheprobabil-
ity distribution of the complex behaviors for an observation
sequenceover time. From time t � = 25 to the end of the
sequence,normal meal is beingassignedthe highestproba-
bility. Thus,normal mealis thewinningbehaviorof this se-
quenceandtheearly detectionis t � =T = 25=52 � 48:08%.
We considerthe resultsof queryingthe primitive behavior.
Thegroundtruthfor thisobservationsequenceis thataperson
executesprimitivebehaviors 1, 2, 9, 10,and4 consecutively,
with the correspondingstartingtimes1, 13, 25, 27, and36,
respectively. Fig. 5(b)showstheprobabilitiesthatthesystem
assignstheprimitive behaviors over time (behaviors with in-
signi�cant probabilityareomittedfrom the�gure). Thecor-
rectduration is approximately94.23%,meaningthatmostof
time thesystemdetectstheprimitivebehavior correctly.
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Figure5. Queryingthebehaviors with thehand-codedHHMM.

Consideringthe resultsof queryingthe behaviors in the
testdata,whichconsistsof 43 testsequences,thesystemrec-
ognizescorrectlythewinningbehaviorin 41 sequences.The
accuracyrateis 41=43 � 95:35%. Theaveragesof theearly
detectionandcorrect duration are52.90%and66.72%,re-
spectively.

4.3 Comparing learned HHMM with hand­coded
HHMM, �at HMM, and tr eeHHMM

Compare against hand-codedHHMM. We learn the pa-
rametersof theHHMM usingtheEM andAIO algorithms[3]
to obtain the learnedHHMM. The training datais provided
in Section4.1. ThelearnedHHMM is thenusedto recognize
the behaviors in the 43 test sequences.Table 2 shows the
performanceof the learned HHMM in comparisonwith
the hand-codedHHMM. The accuracy rate of the learned
HHMM is higherthanthatof thehand-codedHHMM (100%
versus95.35%). The early detectionof the learnedHHMM
is lower thanthatof thehand-codedHHMM (16.96%versus
52.90%),meaningthat the learnedHHMM is ableto detect
the winning behaviorearlier. The correct duration of the
learnedHHMM is also higher than that of the hand-coded
HHMM. The resultsshow that the learnedHHMM outper-
formsthehand-codedHHMM in behavior recognition.

Learned
HHMM

Hand-
coded
HHMM

Flat
HMMs

Tree
HHMM

Accuracy rate 100% 95.35% 90.70% 100%
Earlydetection 16.96% 52.90% 27.96% 31.74%
Correctduration 73.44% 66.72% 49.21%

Table2. Performanceof the learnedHHMM, hand-codedHHMM,
�at HMM andtreeHHMM.

Compare against �at HMM. We use the �at HMM to
recognizecomplex behavior. An HMM is createdfor each
complex behavior short meal, havesnack, or normal meal.
The parametersof an HMM are learnedusing the training
data in Section 4.1. Table 2 comparesthe performance
of the �at HMM with the learnedHHMM. The sametest
datain Section4.1 is usedto evaluatethe two models. The
accuracyrateof thesystemwith 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 higher than that of
the systemwith the learnedHHMM (16.96%). The results
show that the learnedHHMM is ableto recognizethe com-
plex behaviorsmoreaccuratelyandearlierthanthe�at HMM.

Compare against tr ee HHMM. We createa tree HHMM
from theshared-structureHHMM de�ned in Section3 by du-
plicatingeachprimitivebehavior beingthechild of two com-
plex behaviors (Fig. 6). Theparametersfor the treeHHMM
areestimatedusingthe EM algorithmwith the trainingdata
providedin Section4.1. Theaveragedtime peroneiteration
in thecaseof thetreeHHMM is about1.5 timesslower than
thatof theshared-structureHHMM. We usethetreeHHMM
to recognizebehaviors in the 43 testsequences.The results
in Table2 show that theshared-structureHHMM recognizes
thebehaviorsmorereliably thanthetreeHHMM.

Short_meal Have_snack Normal_meal

Behavior 1 Behavior 13
Behavior 2
Behavior 3
Behavior 4
Behavior 11
Behavior 12

Behavior 5
Behavior 6
Behavior 7
Behavior 8

Behavior 14
Behavior 15
Behavior 16
Behavior 9
Behavior 10
Behavior 17
Behavior 18

Behavior 1 = Behavior 14 Behavior 2 = Behavior 13 = Behavior 15
Behavior 4 = Behavior 16 Behavior 11 = Behavior 17 
Behavior 12 = Behavior 18

Figure6. Theprimitive andcomplex behaviorsof thetreeHHMM.

4.4 Comparing the exact �ltering algorithm with
the RBPF

Sofar in thissection,wehaveusedtheexact�ltering algo-
rithm basedontheAIO methodfor behavior recognition.The
computationalcomplexity of this algorithmis O(T 2). Thus,
it is not realisticin long scenarios.Alternatively, we canuse



theRBPFasdiscussedin Section2 for theinferencetask.Ta-
ble3 comparestheresultsof queryingthebehaviorsusingthe
RBPFandexact �ltering algorithm. The testdatadescribed
in Section4.1is used.Whenthenumberof samplesN = 50,
theRBPFmisclassi�esthe complex behavor in a testobser-
vationsequence.Theaccuracyrateis 42=43 � 97:67%. But
whenN = 200, theRBPFdetectscorrectlythecomplex be-
haviors in all testsequences(theaccuracyrateis 100%).The
early detectionandcorrect duration obtainedby the RBPF
areaboutthesameastheresultsobtainedby theexact �lter -
ing algorithm(Table3).

Fig. 7 comparesthe running time of the RBPF with the
exact �ltering algorithm. The running time for eachtime t
of theRBPFis nearlyconstant,while thatof theexact �lter -
ing algorithmincreasessigni�cantly whent increases.As in
the �gure, whenN = 50 and200, the runningtime of the
RBPFis lessthan that of the exact �ltering algorithmfrom
time t1 = 3 andt2 = 10, respectively. At theendof theob-
servationsequence(t=52), theRBPFis muchfasterthanthe
exact�ltering algorithm.

Exact�ltering RBPF
N = 50 N = 200

Accuracy rate 100% 97.67% 100%
Earlydetection 16.96% 14.74% 15.97%
Correctduration 73.44% 73.45% 72.88%

Table3. Comparingtheperformanceof theexact�ltering algorithm
with theRBPFalgorithm.
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andRBPFalgorithms.

5 Conclusion

We havepresentedtheuseof theshared-structureHHMM
to recognizepeoplebehaviors. Theparametersof theHHMM
havebeenlearnedfrom realandunlabeleddata.Wehaveused
boththeexactapproximateinferencealgorithmandtheRBPF
to infer behaviors at different levels. Experimentalresults
in a real environmentdemonstratethe ability of the shared-
structureHHMM to track peoplebehaviors reliably, andthe
superiorityof theshared-structureHHMM overthe�at HMM
andtreeHHMM. Theresultsalsoshow theadvantagesof the
RBPFinferencealgorithmto anexactmethodin a realappli-
cation.
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