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Abstract

Recognizing the context of useis important in making
mobiledevicesas simpleto useas possible. Finding out
whattheuser’ssituationis canhelpthedeviceandunderly-
ing servicein providing an adaptiveandpersonalizeduser
interface. Thedevice can infer parts of the context of the
userfrom sensordata: the mobiledevicecan includesen-
sors for acceleration,noiselevel, luminosity, humidity, etc.
In this paperwe considercontext recognition by unsuper-
visedsegmentationof timeseriesproducedbysensors.

Dynamicprogrammingcanbeusedto findsegmentsthat
minimizethe intra-segmentvariances. While this method
producesoptimalsolutions,it is tooslowfor longsequences
of data. We presentand analyzerandomizedvariationsof
the algorithm. Oneof them,Global Iterative Replacement
or GIR, givesapproximatelyoptimal resultsin a fraction
of thetimerequiredby dynamicprogramming. We demon-
strate theuseof timeseriessegmentationin context recog-
nition for mobilephoneapplications.

1 Intr oduction

Succesfulhumancommunicationis typically contextual.
We discusswith eachotherin differentwaysdependingon
wherewe are,whattime it is, who elseis around,whathas
happenedin thepast,etc.: thereis lots of context informa-
tion that is implicitly beingusedin everydaylife. Commu-
nicationthatis notawareof its context canbeverycumber-
some. The needfor context-awarenessis especiallylarge
in mobilecommunications,wherethecommunicationsitu-
ationscanvarya lot.

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

higher levels of noise. Context awarenessis currently
studiedin various aspects. Exampleof such studiesin-
cludework oncontext sensitiveapplications,wearablecom-
puters and environmental audio signal processing,e.g.,
in [4, 5, 6, 9, 10, 14, 15, 17].

In this paper we discussways of achieving context-
awarenessin mobiledevicessuchasmobilephone.A mo-
bile device caninfer usefulcontext informationfrom sen-
sorsfor, e.g.,acceleration,noiselevel, luminosity, andhu-
midity. In general,figuring out what the user is actually
doingis difficult, andwe tackleoneimportantsubproblem.
Specifically, we considerthe problemof segmentingcon-
text datasequencesinto non-overlapping,internallyhomo-
geneoussegments. The segmentsthat are found may re-
flectcertainstateswherethedevice,andeventuallyits user,
are. Compactrepresentationsof the recognizedsegments
canbe usedas templatesagainstwhich the actionsof the
user(e.g.,phonecalls) arecompared,so that for example
predictionof future actionsbecomespossible. Formally,
the segmentationproblemis a specialcaseof the general
clusteringproblem,but the temporalstructureof the data
providesadditionalrestrictionsthatcanbeusedto speedup
thecomputations.

The time seriessegmentationproblemhasbeenwidely
studiedwithin variousdisciplines. A similar problem is
the approximationof signalsusing line 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]. Other applicationsrangefrom phonemerecog-
nition [14, 20] into paleoecologicalproblems[2]. For an
excellentreview of time seriessegmentation,see[8] in this
volume.

Our focus is on i) minimizing the cost function with a
givennumberof segments,ii) costfunctionsthataresums
of segmentwisecosts,andiii) off-line segmentation,where
all thedatato besegmentedis readilyavailable.

 



Basedondynamicprogramming(e.g.,[1]), optimalsolu-
tionsto thetime seriessegmentationproblemcanbefound
in time

� � � � � �
for sequencesof length

�
andfor

�
seg-

ments.However, for largevaluesof
�

and
�

thealgorithms
arenot efficient enough.Greedyalgorithmscanbeusedto
solve the segmentationproblemin time

� � � � �
with very

smallconstants(e.g.,[8]). Thealgorithmsprovidesolutions
thatin mostcasesareverycloseto theoptimalones.Wede-
scribeexperimentalresultsshowing the quality of context
recognitionin a testscenario.

2 Definition of � -segmentation

A time series � consists of
�

samples� � 	 � 
 � � � � 
 � � � 
 � � � �
from 
 � . We use the notation� � � 
 � �

to definea segmentof the time series� , that is, the
consecutive samples � � � � 
 � � � � 	 � 
 � � � � � � 
 � � � 
 � � � �
where

� � �
. If � � � � � � 
 � �

and � � � � � � � 	 
 � �
aretwo

segments,then � � � � � � � � 
 � �
denotestheir concatenation.

A
�

-segmentation� of � is a sequence� � � � � � � � � of�
segments such that � � � � � � � � � � � and each � � is

non-empty. In otherwords, therearesegmentboundaries� � 
 � � 
 � � � 
 � � � � , � � � � � � � � � � � � � � � � � �
, where� � � � � 	 
 � � � 
 � � � � � � � � 	 
 � � � 
 � � � 
 � � � � � � � � � � 	 
 � � �

For easeof notation,we defineadditionally
� � � � and� � � �

.
We areinterestedin obtainingsegmentationsof � where

the segmentsareinternally homogeneous.In orderto for-
malizethisgoal,weassociateacostfunction � with thein-
ternalheterogeneityof individualsegments,andaimto min-
imizetheoverallcostof thesegmentation.Wemaketwo as-
sumptionson theoverall cost.First, thecostcost� � � � � 
 � � �
of a singlesegmentis a functionof thedatapointsandthe
numberof datapoints  � � ! � � 	

,

cost� � � � � 
 � � � � � � � "  # � $ � � � 
 � � � �
(1)

Second,thecostof a
�

-segmentationCost� � � � � � � � � � � �
is

thesumof thecostsof its segments� � 
 � � 
 � � � 
 � � :

Cost� � � � � � � � � � � � � �% � & � cost� � � � � �
(2)

An optimal
�

-segmentation� ' ( )� � � " � �
of time series �

usingcostfunctioncost� is suchthatCost� � � � � � � � � � � �
is

minimalamongall possible
�

-segmentations.
Thecostfunction � in Eq.1 canbeanarbitraryfunction.

We usethe sumof the variancesof the componentsof the
segment:* � � � � 
 � � � � �%+ & � ,- 	 .% � & / 0 + � 1 � � ! 2 	 .%� & / 0 + � 1 � 3 � 45 


(3)

where � � ! � � 	
and 6 is thenumberdimensions.Thus

thecostfunctionfor segmentationsis simply

Cost7 � � � � � � � � � � � � 	� �% � & �  � * � � � � 

(4)

wherethe segmentshave length  � 
  � 
 � � � 
  � , the length�
of the sequenceis 8 �� & �  � , and

* � � � �
is definedasin

Eq.3.
By rewriting Eq.4 we get

Cost7 � 	� �% � & � 9 :%; & 9 : < = > � ? � � @ � ! A � ? �
(5)

where
A � is themeanvectorof datavectorsin segment� � �� � � � � � � 	 
 � � �

.
The problemwe addressis finding the segmentbound-

aries
� � that minimize the cost. The problemis similar to

clustering,but simpler. Eq.5 is well comparableto atypical
error measureof standardvectorquantization(clustering),
but in this casetheclustersarelimited to beingcontiguous
segmentsof the time seriesinsteadof Voronoi regions in
 B .

3 Algorithms

Dynamic programming The
�
-segmentation problem

can be solved optimally by using dynamic program-
ming [1]. Thebasiccriteriafor theapplicabilityof dynamic
programmingto optimizationproblemsis that the restric-
tion of an optimal solution to a subsequenceof the data
hasto bean optimal solutionto that subsequence.For ex-
ample,for our problem,given an optimal

�
-segmentation� � � � � � � � � , any subsegmentation� � � � � � ; (

	 � 1 � @ � �
)

is anoptimal
� @ ! 1 � 	 �

-segmentationfor thecorresponding
subsequence,sotheconditionobviouslyholds.Thecompu-
tationalcomplexity of thedynamicprogrammingis of order� � � � � �

if the costof a segmentationcanbecalculatedin
lineartime.

Thecomputationalcomplexity of thedynamicprogram-
mingalgorithmis toohighwhentherearelargeamountsof
data.Greedymethodscantakeadvantageof thesimplefact
that whenthe segmentationfor a subsequenceis changed,
e.g., if a segmentis divided further or a setof subsequent
segmentsis redivided,thereductionin thetotal costcanbe
calculatedefficiently within thesubsequence.

A well-known andfastgreedyheuristicfor segmentation
is the top-downapproachor binary-split (e.g., [8]). This
makessplitsin hierarchicalmanner.

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



thatthealgorithmhasalreadysegmentedC into D E F seg-
ments.Eachof thesesegmentsC G H I J K H L H M M M H D is split in
turn optimally into two piecesC G N and C G O andthetotal cost
of thesegmentationC P C Q M M M C G N C G O M M M C R is calculated.The
split which reducesthe total cost most is accepted.Now
thereare D S K segmentsandthe procedureis carriedon
until thereare F segments.

Thetop-down methodnevermakeschangesin thebreak
pointsit hasonceset.Theinflexibility of top-downispoten-
tially a weakpoint, sinceit canturn out laterin theprocess
thattheearlydecisionsarefar from optimal.

This problemcanbeassessedwith dynamicprocedures
that first heuristically place all break points and then it-
eratively move one breakpoint at a time using somede-
cision rule that ensuresconvergenceto somelocal opti-
mum [11]. We next proposetwo greedyalgorithmsthat
move one breakpointat a time straight into a local mini-
mum.

Local iterati ve replacement (LIR) LIR is a simple
greedyprocedurewhere the new place for a breakpoint
is selectedoptimally betweenthe neighboringtwo break
points(including the beginningandendingof the time se-
ries).Theapproachis similar to [11] wherebreakpointsare
movedgraduallytowardsbetterpositions,ratherthanto the
locally optimalones.

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

2. Selecta breakpoint T G H K U I U F V K , either in
randomor sequentialorder, remove it and concate-
natethetwo consecutive segmentsthatmeetat T G intoC W T G X P S K H T G Y P Z .

3. Find a new, optimal location for the break point
in the concatenatedsequence:locate an optimal L -
segmentationbreakpoint T [G for theconcatenatedseg-
ment.Replacebreakpoint T G by T [G in thesolution.

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

Global iterati ve replacement(GIR) Insteadof relocat-
ing thebreakpoint T G betweenits neighborsT G X P and T G Y P ,
the bestlocation is searchedin the whole sequence.This
includesclearlylocal iterativereplacementbut it mayavoid
somelocal minima. Theapproachbearssomedistantsimi-
laritieswith [13], wheresegmentsarealsosplit andmerged.
Thecoreideaof [13] is to split segmentswith largeerrors
andmerge oneswith small errorsuntil given error thresh-
oldsaremet,whereasGIR makesone(at thattime)optimal
split–mergepairatatimeandkeepsthenumberof segments
constant.

1. Setthe initial segmentation\ ] J C P C Q ^ ^ ^ C _ ; ` J a ,
asin LIR.

2. Selectabreakpoint T G H K U I U F V K , eitherin random
or sequentialorder, remove it andconcatenatethetwo
consecutivesegmentsthatmeetat T G into bC J C W T G X P SK H T G Y P Z .

3. Find a new optimal location for a break point
anywhere in the sequence. For each segmentC [c H d J K H L H M M M H F V K in the new segmentation\ [ J C P C Q ^ ^ ^ C G X P bC C G Y Q ^ ^ ^ C _ e J (renumeration)e JC [ P C [ Q ^ ^ ^ C [ _ X P , find theoptimal L -segmentationto C [c N
andC [c O , andcomputetherespective(potential)savingsf c J costg W C [c Z V W costg W C [c N Z S costg W C [c O Z Z in theseg-
mentationcost.

4. Selectthesplit with largestsavings
f c , say C [h with sav-

ings
f h , andseta breakpoint at

f h . Thenew segmen-
tationis C [P C [Q ^ ^ ^ C [h N C [h O ^ ^ ^ C [_ X P .

5. Set ` e J ` S K and renumeratethe segmentsfor
the next round: \ ] J C P C Q ^ ^ ^ C _ (renumeration)e JC [P C [Q ^ ^ ^ C [h N C [h O ^ ^ ^ C [_ X P .

6. Stepsfrom 2 to 5 arerepeateduntil astoppingcriterion
is met.

A naturalstoppingcriterion for thesealgorithmsis that
the total costcannotbedecreasedby any admissiblemove
of abreakpoint.It is immediatethatbothLIR andGIR will
stop in finite numberof steps,sincethe cost decreasesat
eachstepandthenumberof pointsin thesequenceis finite
anddiscrete.A limit for thenumberof iterationsis another
simplestoppingcriterion.

The randomizediterative algorithmscan be run a few
timesin orderto reducethechanceof having anespecially
poorlocalminima.

Thecomputationalcomplexity of thegreedymethodsis
linear in thesizeof the input data,if thecostof a segmen-
tationcanbecalculatedin lineartime,asit canfor thevari-
ance(cost function of Eq. 4). The complexity is of orderi W j k Z wherethefactor j dependson thenumberof the
breakpoints F , on the numberof iterations,andon the lo-
cationsof theinitial breakpoints.

4 Experimental performanceevaluation

The proposediterative algorithms were benchmarked
againstthe top-down algorithm. Theoptimalsolutionpro-
videdby thedynamicprogrammingalgorithmwasusedas
areference.Thetestedalgorithmswere

1. top-down approach

2. local iterative replacement(LIR)



3. globaliterativereplacement(GIR)

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

4.1 Artificial data sets

The artificial datawasgeneratedas follows. First, the
length l m n o p p q r p p q s p p q t p p q u p p v of thesignalandthe
numberw m n x q o o q o x q r o v of constantsegmentswasfixed.
Thenthevaluesandlengthsfor theconstantsegmentswere
generatedrandomly, sothat the w y o placesfor transitions
(breakpoints)weredrawnrandomlyfrom n r q s q z z z q l y o v
with the restrictionthat the length of any segmenthad to
be at leasttwo. The valuefor eachconstantsegmentwas
randomlygeneratedfrom a uniformdistributionon { p q o | .

Three different randomprototypesignalsof this kind
weregeneratedfor eachcombinationof thenumberof seg-
mentsandthelengthof signals,andthreelevelsof gaussian
i.i.d. noisewasaddedto thesignals.For therelative noise
level (SNR;ratioof varianceof signalto varianceof noise)
we usedlevels 10 and1.0. For eachprototypesignaland
for eachcombinationfor l , w andSNRlevel we generated
30 time series.Fig. 1 shows anexampleof two testsignals
( l } s p p and w } x ). Botharegeneratedby addingdiffer-
entlevel of noiseto thesameprototype.SampleA hasvery
low noise(SNR=100)while B hasSNR=1.0.Eachtestsig-
nal wassegmentedonceusingthe dynamicprogramming,
top-down, LIR, andGIR algorithms. The numberof seg-
ments~ wassetto w , the a priori numberof the segments.
We call thissimply the“Test1” dataset.

For somelarger experiments,anotherset of datawas
generatedwith the following procedure. One piecewise
constantprototypewasgeneratedwith l } u p p and w }o x , andfifty samplesweregeneratedby addingsomegaus-
siani.i.d noiseSNR=10.We call this the“Test2” dataset.

4.2 Comparisonof partitionings

A randominitial locationfor thebreakpointswasgiven
for the iterative algorithms. Both LIR and GIR usedthe
sameinitial segmentations.Theiterationwasstoppedwhen
thealgorithmscouldnot movethebreakpointsany more.

We comparethe costs� of the segmentationsachieved
by top-down andproposediterative methodsLIR andGIR
to thecostof theoptimalsolution � � � � achievedbydynamic
programming.Thecomparisonis madeusinga relative er-
ror measuresincedifferentsignalsandsegmentationsare
compared: � � � � � � � � � } � y � � � �� � � �
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Example of segmentation on two noise levels
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BOptimal segmentation for A (SNR=0.01) 

Optimal segmentation for B (SNR=1.0) 

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 . Errorbar s sho w one standar d devia-
tion. Local iterative replacement (LIR) is out-
side the visib le area in the left panel.

Thismeasuretendsto increasewithout limit if � � � � goesto
zero.However, sincetherewasalwaysnoisepresentin the
testsignals� � � � is alwaysgreaterthanzero.

Experimentswith simulateddata(Test1) andthe “cor-
rect” amountof segmentsshow that the relative errorsof
the partitioningsproducedby global iterative replacement
arewithin a percentor two (Figs.2 and3). Local iteration
performsbadly, but thetop-down methodproducesreason-
ablepartitionings.Theresultsindicatethatfor thepurposes
of the ~ -segmentationproblemdefinedin 2 the top-down
methodandthe global iterative methodaresufficiently ac-
curate.

More interestingresultsare obtainedwhen the correct
numberof segmentsis not known. Of course,this is the
situationin typicalapplications.Experimentswith artificial
dataset “Test2” show that GIR consistentlyoutperforms
the top-down approach,which in turn is superiorto LIR.
The betterperformanceof GIR over the top-down method
is probablyexplainedby the fact that GIR canduring the
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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 .
Errorbar s sho w one standar d deviation. Lo-
cal iterative replacement (LIR) is outside the
visib le area in the left panel.

operationchangedecisionsmadeearlier, whereasthe top-
down methodcannot.

4.3 Running times

As expected,thecomputationalrequirementsof thetop-
down methodand both local and global iterative replace-
mentsarelinear in � , the lengthof thesequence,whereas
thedynamicprogrammingmethodis quadratic(Fig. 5).

For constant� , all methodsbehaveroughlylinearly in �
(Figs.6 and7). However, dynamicprogramminghasabout
two ordersof magnitudelarger consumptionof computa-
tional resources(Fig. 7). Right panelof Fig. 7 allows a
closerlook at behavior in � . In average,bothLIR andGIR
behave in a similar fashionto thetop-down algorithm.

Fig. 7 giveseven an impressionthat, for this particular
case,thetestedgreedyalgorithmsmightbehavesublinearly
in � .

5 Context recognition

Realcontext datawascollectedwith custom-built equip-
ment. Sensorsignalswereloggedfrom a certainusersce-
nariowheretestsubjectsweretold to performdifferentac-
tivities (Table1).

5.1 Context data

Thedatawererecordedusingmicrophonesanda sensor
box thatwereattachedto amobilephone.Thecombination
washangingin users’neckin front of the chest.The data
wereloggedby wire to a laptopthattheuserwascarrying.

The raw signalwastransformedto 19 variables,called
context atoms, that indicatetheamountof 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 sho w
the same data but on diff erent scales. Error-
bars sho w 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 sho w the same
data but on diff erent scales. Errorbar s sho w
one standar d deviation.
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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). Errorbar s
sho w 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

1. usersits;device is on a table
2. takesthedeviceandputsit on
3. standsup andstartsto walk
4. walksin acorridor
5. walksdown thestairs
6. walksin acorridor
7. walksoutside
8. walksin aporch
9. walksin a lobby

10. walksup thestairs
11. walksin acorridor
12. sitsdown
13. putsthedeviceon a table

soundpressure(loud, modest,silent), illumination condi-
tions(total darkness,dark,normal,bright), touch(at hand),
stability (unstable,stable),anddeviceorientation(sideways
left, sidewaysright, antennaup, antennadown, displayup,
displaydown). Thepatternrecognitionalgorithmsfor this
transformationand the sensorbox itself are outside the
scopeof this research,and we considerthe context atom
dataasgiven.

Therealcontext datasetconsistedof 44 timeseriesaris-
ing from the samescenario.The lengthsof the 19 dimen-
sionaltimeseriesvariedbetween223and267.

5.2 Performanceon real contextdata

Eachtime serieswassegmentedonceto � � � � � � � � seg-
mentsusingthedynamicprogramming,top-down,LIR, and
GIR algorithms.Resultsonrelativeerrorandrunningtimes
(Fig. 8) confirm the observationsmadewith the artificial
datasets:GIR yieldsa small relative errorwith high com-
putationalefficiency.

5.3 Quality of context recognition

A study of the optimal � ,� � � ,� � -segmentationsfor the
real datashows that there is certainstability in the loca-
tionsof thebreakpoints(Fig. 9A). Mostof thebreakpoints
occurin almostall segmentationsafter they occurthe first
time. Thisgivescertaincredibility for thebreakpoints.

Next, examinea time seriesfrom context atomdataand
its optimal � � -segmentation(Fig. 9B). An evaluationof the
segmentationagainsta video recordingof the test shows
that segmentationcanbe very useful for context recogni-
tion. Thesegmentationsseemto capturethemostimportant
changeswhencomparedwith therealsituation:puttingthe
equipmenton andstandingup,walking in stairs,beingout,
going throughdoors,stopping,andgetting the equipment
off. The 13 segmentscorrespondpracticallyone-to-oneto
the activities in the userscenario(Table1). Furthermore,
by comparingFigs.9A andB oneseesthatthebreakpoints
for phases“getting equipmenton”, “being out”, and“get-
ting equipmentoff ” comeup first. In this case,the order
of theappearanceof thebreakpointsandtheir (subjective)
importancein realworld seemto beconsistentaswell.

6 Conclusions

Context-awarenessis becomingoneof themajorfactors
in mobile communications.We have studieda particular
problemarisingfrom mobilephoneswith sensors,thetask
of timeseriessegmentation.

We outlined the dynamic programmingalgorithm for
finding the optimal � -segmentationfor a given cost func-
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. Errorbar s sho w one standar d
deviation. Note that the scale on y-axis is logarithmic in the right panel.

too hardfor long sequences,sincethecomplexity of theal-
gorithmis of order� � � � � � where� is theamountof data
(assumingthe cost of a single segmentcan be computed
in linear time). For this reason,we proposedandanalyzed
fast greedymethodsfor time seriessegmentation. These
iterative methodsweretestedagainstboth theoptimalseg-
mentationsand the top-down greedysegmentations.The
proposedglobaliterativereplacementmethod(GIR)outper-
formedothergreedymethodsin ourempiricaltests.

The costfunction that wasminimizedin this work was
the varianceof the segment. This is just an example,and
other cost functionsmight be considered. It is, however,
advisablethatthecostfunctioncouldbecalculatedin linear
time with respectto theamountof data,asis thecasewith
thesamplevariance.

Weappliedthetimeseriessegmentationinto sensordata
that was collectedusing a sensorbox in a mobile phone.
The time seriessegmentationwas usedto captureinter-
estingchangesin the user’s context. The experimentsug-
geststhat time seriessegmentationusinga simplevariance
basedcostfunction capturessomeessentialphenomenain
thecontext atomtime series.Thesegmentationspresented
in Fig. 9 areoptimal for the given dataandcost function,
but thereflectionsof this factto therealworld mustbeeval-
uatedby an analyst. The analystmight be working using
tools like visualizationaidspresentedin Fig. 9, aswell as
video recordingsof the teststo get an overview for some
datain order to determinethe usefulnessof the emerged
patterns.

For otheranalysispurposes,the segmentationgivesan
adaptive lengthwindow wherethesituationwithin window

is moreor lessconstantandthebreakpointsoccuratplaces
of changes.Thiscanbeusefulin preprocessingthedatafor
forminghigher-level contexts.
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