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Abstract

Recanizing the contet of useis importantin making
mobile devicesas simpleto useas possible Finding out
whattheuser's situationis canhelpthedeviceandunderly-
ing servicein providing an adaptiveand personalizeduser
interface The device caninfer parts of the context of the
userfrom sensordata: the mobiledevice canincludesen-
sors for acceleation, noiselevel, luminosity humidity etc.
In this paperwe considercontext recanition by unsuper
visedsggmentatiorof time seriesproducedby sensos.

Dynamicprogrammingcanbeusedto find segmentghat
minimizethe intra-segmentvariances. While this method
producesoptimalsolutionsijt is too slowfor longsequences
of data. We presentand analyzerandomizedrariations of
the algorithm. One of them,Global Iterative Replacement
or GIR, givesapproximatelyoptimal resultsin a fraction
of thetime required by dynamicprogramming We demon-
strate the useof time seriessggmentationn contet recay-
nition for mobilephoneapplications.

1 Intr oduction

Succesfuhumancommunications typically contextual.
We discusawith eachotherin differentwaysdependingon
wherewe are,whattime it is, who elseis around whathas
happenedn the past,etc.: thereis lots of context informa-
tion thatis implicitly beingusedin everydaylife. Commu-
nicationthatis not awareof its context canbevery cumber
some. The needfor contet-awarenesss especiallylarge
in mobile communicationswherethe communicatiorsitu-
ationscanvary alot.

Information aboutthe contect of, say a mobile phone
can be usedto improve the userinterface. For example,
if we know from the context information that the useris
running, the font usedin the display canbe larger Sim-
ilarly, audio volume can be adjustedto compensateor

higher levels of noise. Contet awarenessis currently
studiedin various aspects. Exampleof such studiesin-
cludework oncontet sensitve applicationsyearablecom-
puters and ervironmental audio signal processing,e.g.,
in[4,5,6,9, 10,14, 15, 17).

In this paperwe discussways of achie/ing context-
awarenessn mobile devicessuchasmobile phone.A mo-
bile device caninfer usefulcontet informationfrom sen-
sorsfor, e.g.,accelerationnoiselevel, luminosity, and hu-
midity. In general,figuring out what the useris actually
doingis difficult, andwe tackleoneimportantsubproblem.
Specifically we considerthe problemof segmentingcon-
text datasequenceto non-overlappingnternally homo-
geneoussggments. The segmentsthat are found may re-
flect certainstatesvherethedevice, andeventuallyits user
are. Compactrepresentationsf the recognizedsegments
canbe usedastemplatesagainstwhich the actionsof the
user(e.g., phonecalls) are compared so that for example
prediction of future actionsbhecomespossible. Formally,
the segmentationproblemis a specialcaseof the general
clusteringproblem, but the temporalstructureof the data
providesadditionalrestrictionghatcanbeusedto speedup
thecomputations.

The time seriesseggmentationproblemhasbeenwidely
studiedwithin variousdisciplines. A similar problemis
the approximationof signalsusingline segments|[1, 3, 7,
11, 13, 19. The aim is often to compressor index the
voluminoussignaldata[16, 18]. Computergraphics,car
tographyandpatternrecognitionutilize this reductiontech-
niquein simplifying or analyzingcontouror boundarylines
[12, 13]. Otherapplicationsrangefrom phonemerecog-
nition [14, 20] into paleoecologicaproblems[2]. For an
excellentreview of time seriessggmentationsee[8] in this
volume.

Our focusis on i) minimizing the costfunction with a
givennumberof segments,ii) costfunctionsthataresums
of sggmentwisecosts,andiii) off-line sggmentationwhere
all thedatato be sggmenteds readilyavailable.



Basedndynamicprogramminge.g.,[1]), optimalsolu-
tionsto thetime seriessegmentatiorproblemcanbe found
in time {J{k?] for sequencesf length i andfor & seg-
ments.However, for largevaluesof i andk thealgorithms
arenot efficient enough.Greedyalgorithmscanbe usedto
solve the sgmentationproblemin time {I[kN&] with very
smallconstantge.qg.,[8]). Thealgorithmsprovidesolutions
thatin mostcasesrevery closeto theoptimalones.We de-
scribeexperimentalresultsshaving the quality of context
recognitionin atestscenario.

2 Definition of k-segmentation

A time series a consists of M samples
x(1),x(2),...,x[N] from H?. We use the notation
a1, 8] to definea segmentof the time seriesa, thatis, the
consecutie samplesx(a], x(z + 1), x[(z + ), ... ,x(8)
wheres < &. If a, = a[a, 8] anday = aff + 1, &) aretwo
segmentsthena, 83 = a(, ] denotegheir concatenation.

A E-sgmentation¥ of a is a sequence ag - - -ag oOf
E sgmentssuch that a,85---ag = a and eacha; is
non-empty In otherwords, thereare sgmentboundaries
L TR L] ﬂ-:: L < L R CE—L = .!'I', where

ay =ajl,e)), ag=ale+1,eq), ..., 8g=aleg +1,N).

For easeof notation, we defineadditionally sy = O and
g = Iy,

We areinterestedn obtainingsegmentation®f a4 where
the sggmentsareinternally homogeneousin orderto for-
malizethis goal,we associatea costfunction ¥ with thein-
ternalheterogeneitpf individual seggmentsandaimto min-
imizetheoverallcostof thesegmentation We make two as-
sumptionson the overall cost. First, the costcost[a[g, &)
of a singlesggmentis a function of the datapointsandthe
numberof datapointsta =8 —a + 1,

cosi[ale, A1 = Fx;n|x € a(z, £). (1)

Secondthe costof a k-segmentationCoste(#, 8y - - -dg ] is

the sumof the costsof its segmentsay, aa, .. ., 8&:
k
Cost(aiaa - --ag) = ¥, COSk[ag). )
i=L

An optimal k-seymentationgF" (a; k] of time seriesa
usingcostfunctioncosi is suchthat Coste [avaa - - 4] is
minimalamongall possiblek-segmentations.

ThecostfunctionF in Eq.1 canbeanarbitraryfunction.
We usethe sumof the variancesf the component®f the
sggment:

Vis@s) =Y |2 o miep - (iZma[ij) ,

i=lL
®3)

wherea= i — &+ 1 andd is thenumberdimensionsThus
the costfunctionfor sggmentationss simply

&
1
Cosﬁ..l:alaj...HE:I:EE!'H‘P'FEEi]. (4)
=Ll

wherethe sggmentshave lengths, 1, .. ., #1g, thelength
Xy of the sequencés ELL f1z, and ¥4 ] is definedasin
Eq.3.

By rewriting Eq. 4 we get

k i
Cose=r3. 3 = -af®

=Ll j=5——1

wherejy; is themeanvectorof datavectorsin segmenta; =
ale; o+ 1,5

The problemwe addresss finding the segmentbound-
ariese; thatminimize the cost. The problemis similar to
clusteringput simpler Eq.5 is well comparabléo atypical
error measureof standardvectorquantization(clustering),
but in this casethe clustersarelimited to beingcontiguous
segmentsof the time seriesinsteadof Voronoi regionsin
) 3

3 Algorithms

Dynamic programming The k-segmentation problem
can be solved optimally by using dynamic program-
ming[1]. Thebasiccriteriafor theapplicabilityof dynamic
programmingto optimizationproblemsis that the restric-
tion of an optimal solutionto a subsequencef the data
hasto be an optimal solutionto that subsequenceror ex-
ample,for our problem,given an optimal k-segmentation
4,8y - -dg, ary subsgmentations; - -8; (1 & £ < § < k)
is anoptimal[§ — £+ 1]-segmentatiorfor thecorresponding
subsequencesptheconditionobviously holds. Thecompu-
tationalcomplexity of thedynamicprogrammings of order
CI[ENY if the costof a sggmentationcanbe calculatedn
lineartime.

The computationatompleity of thedynamicprogram-
ming algorithmis too high whentherearelarge amountsof
data.Greedymethodsantake advantageof the simplefact
thatwhenthe segmentationfor a subsequencis changed,
e.g.,if a sggmentis divided further or a setof subsequent
sgmentds redivided, thereductionin the total costcanbe
calculatecefficiently within the subsequence.

A well-known andfastgreedyheuristicfor sggmentation
is the top-downapproachor binary-split(e.g.,[8]). This
malkessplitsin hierarchicaimanner

Top-down The methodstartsby splitting the time-series
4 optimally into two subsequences andas. Now assume



thatthealgorithmhasalreadysegmenteds into 4 < & seg-
ments.Eachof thesesggmentsa; £ = 1,2, .. ., sissplitin
turn optimally into two piecesaz; andag, andthetotal cost
of thesegmentatiora aa . . .41, 8z, .. . dm iScalculatedThe
split which reducesthe total costmostis accepted. Now
thereares 4+ 1 sggmentsandthe procedures carriedon
until therearek segments.

Thetop-dovn methodnever makeschangesn thebreak
pointsit hasonceset. Theinflexibility of top-davnis poten-
tially aweakpoint, sinceit canturn out laterin the process
thatthe earlydecisionsarefar from optimal.

This problemcanbe assessedith dynamicprocedures
that first heuristically place all break points and then it-
eratvely move one break point at a time using somede-
cision rule that ensurescorvergenceto somelocal opti-
mum [11]. We next proposetwo greedyalgorithmsthat
move one breakpointat a time straightinto a local mini-
mum.

Local iterative replacement (LIR) LIR is a simple
greedyprocedurewherethe new placefor a break point
is selectedoptimally betweenthe neighboringtwo break
points(including the beginning andendingof the time se-
ries). Theapproachs similarto [11] wherebreakpointsare
movedgraduallytowardsbetterpositions ratherthanto the
locally optimalones.

1. Selecttheinitial breakpointsheuristically e.g.,by us-
ing evenly spacedr randominitial locations,or with
thetop-dovn method.

2. Selecta breakpointey, 1 = £ = k — 1, eitherin
randomor sequentialorder, remove it and concate-
natethe two consecutre sggmentsthat meetat ¢ into

ﬂ[ﬂ",‘__l + 1.:",'._[:].

3. Find a new, optimal location for the break point
in the concatenatedequence:locate an optimal 2-
segmentationbreakpoint & for the concatenatedey-
ment.Replacebreakpoint ¢z by e in the solution.

4. Steps2 and3 arerepeatedintil a stoppingcriterionis
met. (Possiblestoppingcriteriaarediscussedbelow.)

Global iterati ve replacement(GIR) Insteadof relocat-
ing the breakpointe«; betweerits neighborsy;_; ande;_,

the bestlocationis searchedn the whole sequence.This

includesclearlylocal iterative replacemenbut it mayavoid

somelocal minima. The approactbearssomedistantsimi-

laritieswith [13], wheresggmentsarealsosplitandmerged.
Thecoreideaof [13] is to split sgmentswith large errors
and memge oneswith small errorsuntil given error thresh-
oldsaremet,whereascIR makesone(atthattime) optimal
split-megepairatatime andkeepghenumberof sggments
constant.

1. Settheinitial sggmentation¥, = aiaa-- -dg; 1 =
asin LIR.

2. Selectabreakpoints;, 1 < £ < k—1, eitherin random
or sequentiabrder, remove it andconcatenatéhetwo
consecutie sggmentghatmeetate; intod = afe;_ +
llﬂ;_l:].

3. Find a new optimal location for a break point
arywhere in the sequence. For each segment
£, § = 1,2,...,k — 1 in the new sggmentation
5 = a8a---8;_188_a--- & = (renumeration)=
#1483 - 51, find theoptimalZ-segmentatiorto &,
and.a:,-ﬂ , andcomputetherespectie (potential)savzings
d; = costr[a;]— [COSt(a}, J+ CcOSkriay, ] in thesey-
mentationcost.

4. Selecthesplitwith largestsavingsd; , saya; with sav-
ingseék, andseta breakpoint atd:. The new segmen-
tationis &yay - - - 83, 8, - -85

5. Setnn '= n 4+ 1 andrenumeratethe segmentsfor
the next round: &, = a,4a-- -48& (renumeration)=

Loogig g
gay--ai 8 --8f ).

6. Stepdrom 2to 5 arerepeatedintil astoppingecriterion
is met.

A naturalstoppingcriterion for thesealgorithmsis that
thetotal costcannotbe decreasedtyy any admissiblemove
of abreakpointlt is immediatethatbothLIR andGIR will
stopin finite numberof steps,sincethe costdecreasest
eachstepandthe numberof pointsin the sequencés finite
anddiscrete.A limit for thenumberof iterationsis another
simplestoppingcriterion.

The randomizediterative algorithmscan be run a few
timesin orderto reducethe chanceof having anespecially
poorlocal minima.

The computationatomplexity of the greedymethodss
linearin the sizeof theinput data,if the costof a sgmen-
tationcanbecalculatedn lineartime, asit canfor thevari-
ance(costfunction of Eq. 4). The compleity is of order
(J[K.IN) wherethefactor K dependsn the numberof the
breakpointsk, on the numberof iterations,andon the lo-
cationsof theinitial breakpoints.

4 Experimental performanceevaluation

The proposediterative algorithmswere benchmarkd
againstthe top-dowvn algorithm. The optimal solutionpro-
vided by the dynamicprogrammingalgorithmwasusedas
areferenceThetestedalgorithmswere

1. top-dovn approach

2. localiterative replacemenfLIR)



3. globaliterative replacemen{GIR)

The cost function to be minimized was variance(Eq. 5).
First, the algorithmsweretestedwith a numberof different
artificial datasets.

4.1 Artificial datasets

The artificial datawas generatedas follows. First, the
length ¥ € {1060, 2], X, 400, 5K} of the signalandthe
numbers € {6, 11, 1 21} of constansggmentswasfixed.
Thenthevaluesandlengthsfor the constansegmentswere
generatedandomly sothatthee — 1 placesfor transitions
(breakpoints)weredravnrandomlyfrom {2, d,..., W—1}
with the restrictionthat the length of any seggmenthadto
be at leasttwo. The valuefor eachconstantsggmentwas
randomlygeneratedrom a uniform distribution on [, 1].

Three different random prototype signalsof this kind
weregeneratedor eachcombinationof the numberof sey-
mentsandthelengthof signals,andthreelevelsof gaussian
i.i.d. noisewasaddedto the signals.For therelative noise
level (SNR;ratio of varianceof signalto varianceof noise)
we usedlevels 10 and1.0. For eachprototypesignaland
for eachcombinationfor My, & andSNR level we generated
30time series.Fig. 1 shavs an exampleof two testsignals
(M = MK} andes = §). Botharegeneratedy addingdiffer-
entlevel of noiseto the sameprototype.SampleA hasvery
low noise(SNR=100)while B hasSNR=1.0.Eachtestsig-
nal was segmentedonceusingthe dynamicprogramming,
top-dovn, LIR, and GIR algorithms. The numberof seg-
mentsk wassetto ¢, the a priori numberof the segments.
We call thissimply the“Test1” dataset.

For somelarger experiments,anotherset of datawas
generatedwith the following procedure. One piecavise
constantprototypewasgeneratedvith i = Ll ande =
1¢, andfifty samplesveregeneratedy addingsomegaus-
siani.i.d noiseSNR=10.We call thisthe“Test2” dataset.

4.2 Comparison of partitionings

A randominitial locationfor the breakpointswasgiven
for the iterative algorithms. Both LIR and GIR usedthe
sameinitial sgmentationsTheiterationwasstoppedvhen
thealgorithmscould not move the breakpointsarny more.

We comparethe costs{y of the sggmentationsachieved
by top-dowvn and proposedterative methods.IR andGIR
to thecostof theoptimalsolution{Z o achievedby dynamic
programming.The comparisoris madeusingarelative er-
ror measuresincedifferentsignalsand sggmentationsare
compared:

Example of segmentation on two noise levels
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Figure 1. Two noise levels (SNR=100,
SNR=1.0) added to an original signal of 6 con-
stant segments, and their optimal segmenta-
tions.
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Figure 2. The average relative error of seg-
mentation as a function of the length of the
sequence (N), for low to high amounts of
noise . Errorbars show one standar d devia-
tion. Local iterative replacement (LIR) is out-
side the visib le area in the left panel.

This measurdendsto increasevithoutlimit if (i goesto
zero. However, sincetherewasalwaysnoisepresenin the
testsignalsli s is alwaysgreaterthanzero.

Experimentswith simulateddata(Test1) andthe “cor-
rect” amountof sggmentsshaw that the relative errors of
the partitioningsproducedby global iterative replacement
arewithin a percentor two (Figs.2 and3). Local iteration
performsbadly, but the top-dovn methodproduceseason-
ablepartitionings.Theresultsindicatethatfor the purposes
of the kE-sggmentationproblemdefinedin 2 the top-daovn
methodandthe global iterative methodare sufficiently ac-
curate.

More interestingresultsare obtainedwhen the correct
numberof sggmentsis not known. Of course,this is the
situationin typical applications Experimentswith artificial
dataset“Test2” shav that GIR consistentlyoutperforms
the top-dovn approachwhich in turn is superiorto LIR.
The betterperformanceof GIR over the top-dovn method
is probablyexplainedby the fact that GIR canduring the



Relative error of Test 1 (N=300, SNR=1.0)
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Figure 3. The average relative error of seg-
mentation as a function of the number of seg-
ments (k), for low to high amounts of noise .
Errorbars show one standar d deviation. Lo-
cal iterative replacement (LIR) is outside the
visib le area in the left panel.

operationchangedecisionsmadeearlier whereaghe top-
down methodcannot.

4.3 Running times

As expectedthe computationatequirement®f thetop-
down methodand both local and global iterative replace-
mentsarelinearin Iy, thelengthof the sequencewhereas
the dynamicprogrammingmethodis quadratio(Fig. 5).

For constantty’, all methodsehaeroughlylinearlyin &
(Figs.6 and7). However, dynamicprogramminghasabout
two ordersof magnitudelarger consumptionof computa-
tional resourceqFig. 7). Right panelof Fig. 7 allows a
closerlook at behavior in k. In average pothLIR andGIR
behaein asimilarfashionto thetop-dowvn algorithm.

Fig. 7 giveseven animpressionthat, for this particular
casethetestedgreedyalgorithmsmight behae sublinearly
ink.

5 Contextrecognition

Realcontect datawascollectedwith custom-luilt equip-
ment. Sensorsignalswereloggedfrom a certainusersce-
nariowheretestsubjectsveretold to performdifferentac-
tivities (Table1).

5.1 Contextdata

Thedatawererecordedusingmicrophonesinda sensor
boxthatwereattachedo amobile phone.The combination
washangingin users’neckin front of the chest. The data
wereloggedby wire to alaptopthatthe userwascarrying.

The raw signalwastransformedo 19 variables,called
contect atoms thatindicatethe amountof activationfor an
actionor state:movement(running,walking fast,walking),
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Figure 4. The average relative error of seg-
mentation as a function of the number of
segments (k), for an artificial sequence (Test
2: N=500, c=16) Local iterative replacement
(LIR) is outside the visib le area.
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Figure 5. The average computational cost in
floating point operations as a function of the
length of the sequence (N). Both panels show
the same data but on diff erent scales. Error-
bars show one standar d deviation.
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Figure 6. The computational cost in floating
point operations as a function of the number
of segments (k). Both panels show the same
data but on diff erent scales. Errorbars show
one standar d deviation.

Average load in Test 2 (log scale)

5 (linear scale)

x 10

—&— Optimal
—-4— GIR
5 = LR

—6— Optimal
-4 GIR

- LIR

—8— Top-down

5 10 15 20 25 5 10 15 20 25

Figure 7. The average computational cost in
floating point operations as a function of the
number of segments (k), for an artificial se-
quence (Test 2: N=500, c=16). Errorbars
show one standar d deviation. Note that the
scale on y-axis is logarithmic in the left panel
and linear in the right one. The dynamic pro-
gramming is out of the visib le area in the right
panel.

Table 1. Outline of activities in the user sce-

nario

usersits;deviceis onatable
takesthe device andputsit on
standsup andstartsto walk
walksin acorridor
walksdown the stairs
walksin acorridor
walksoutside

walksin aporch

walksin alobby

walksup the stairs

walksin acorridor
sitsdown

putsthedevice onatable

©|©| N T W N =

[
©

P
N =

=
w

soundpressurgloud, modest,silent), illumination condi-
tions (total darknessgark,normal,bright), touch(at hand),
stability (unstablestable).anddevice orientation(sidevays
left, sidewvaysright, antennaup, antennadown, displayup,
displaydown). The patternrecognitionalgorithmsfor this
transformationand the sensorbox itself are outsidethe
scopeof this researchand we considerthe context atom
dataasgiven.

Therealcontext datasetconsistedf 44 time seriesaris-
ing from the samescenario.The lengthsof the 19 dimen-
sionaltime seriesvariedbetweer223and267.

5.2 Performanceon real contextdata

Eachtime serieswas segmentedonceto 2, .. ., 21 seg-
mentsusingthedynamicprogrammingtop-dowvn, LIR, and
GIR algorithms.Resultsonrelative errorandrunningtimes
(Fig. 8) confirm the obsenationsmadewith the artificial
datasets:GIR yields a small relative error with high com-
putationalefficiency.

5.3 Quality of contextrecognition

A study of the optimal Z,.. ., 21-segmentationsfor the
real datashaows that thereis certainstability in the loca-
tionsof the breakpoints(Fig. 9A). Most of the breakpoints
occurin almostall segmentationsfter they occurthe first
time. This givescertaincredibility for the breakpoints.

Next, examineatime seriesfrom contet atomdataand
its optimal 13-segmentation(Fig. 9B). An evaluationof the
segmentationagainsta video recordingof the test shavs
that segmentationcan be very useful for context recogni-
tion. Thesggmentationseento capturethemostimportant
changesvhencomparedvith therealsituation: puttingthe
equipmenbn andstandingup, walking in stairs,beingout,
going throughdoors, stopping,and getting the equipment
off. The 13 sggmentscorrespondracticallyone-to-oneo
the actiities in the userscenario(Table 1). Furthermore,
by comparingrigs.9A andB oneseeghatthebreakpoints
for phasesgetting equipmenton”, “being out”, and“get-
ting equipmentoff” comeup first. In this case,the order
of theappearancef the breakpointsandtheir (subjectve)
importancan realworld seemto be consistenaswell.

6 Conclusions

Contet-awarenesss becomingoneof the majorfactors
in mobile communications.We have studieda particular
problemarisingfrom mobile phoneswith sensorsthe task
of time seriesseggmentation.

We outlined the dynamic programmingalgorithm for
finding the optimal k-segmentationfor a given costfunc-
tion. However, dynamicprogrammingis computationally
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Figure 8. The average relative error (left) and computational

cost in floating point operations (right)

as functions of the number of segments (k), for real conte xt data set. Errorbars show one standar d
deviation. Note that the scale on y-axis is logarithmic in the right panel.

too hardfor long sequencesincethe compleity of theal-

gorithmis of orden(] (W% wherel¥' is theamountof data
(assumingthe cost of a single segmentcan be computed
in lineartime). For this reasonwe proposecandanalyzed
fastgreedymethodsfor time seriessegmentation. These
iterative methodsweretestedagainstboth the optimal sey-

mentationsand the top-dovn greedysegmentations. The

proposedjlobaliterativereplacemenmethod(GIR) outper

formedothergreedymethodsn ourempiricaltests.

The costfunction that was minimizedin this work was
the varianceof the sggment. This is just an example,and
other cost functions might be considered. It is, however,
advisablghatthecostfunctioncouldbecalculatedn linear
time with respecto the amountof data,asis the casewith
thesamplevariance.

We appliedthetime seriessggmentatiorinto sensodata
that was collectedusing a sensorbox in a mobile phone.
The time seriessggmentationwas usedto captureinter
estingchangesn the users context. The experimentsug-
geststhattime seriessggmentatiorusinga simplevariance
basedcostfunction capturessomeessentiaphenomenan
the context atomtime series.The sggmentationgpresented
in Fig. 9 are optimal for the given dataand costfunction,
but thereflectionsof thisfactto therealworld mustbe eval-
uatedby an analyst. The analystmight be working using
tools like visualizationaids presentedn Fig. 9, aswell as
video recordingsof the teststo get an overvien for some
datain orderto determinethe usefulnessof the emeged
patterns.

For otheranalysispurposesthe segmentationgivesan
adaptie lengthwindow wherethe situationwithin window

is moreor lessconstantandthe breakpointsoccurat places
of changesThis canbeusefulin preprocessinthe datafor
forming higherlevel contexts.
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