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Abstract

Techniquesfor modelingand simulatingchannelconditionsplay an
essentialrole in understandingnetwork protocolandapplicationbehavior.
In [11], wedemonstratedthatinaccuratemodelingusinga traditionalana-
lytical modelyieldedsignificanterrorsin errorcontrolprotocolparameters
choices.In thispaper, wedemonstratethattime-varyingeffectsonwireless
channelsresult in wirelesstraceswhich exhibit non-stationarybehavior
over smallwindow sizes.We thenpresentanalgorithmthatdividestraces
into stationarycomponentsin orderto provide analyticalchannelmodels
that, relative to traditionalapproaches,moreaccuratelyrepresentcharac-
teristicssuchasburstiness,statisticaldistributionof errors,andpacket loss
processes.Our algorithmalsogeneratesartificial traceswith thesamesta-
tistical characteristicsasactualcollectednetwork traces. For validation,
we developa channelmodelfor thecircuit-switcheddataservicein GSM
andshow thatit: (1) morecloselyapproximatesGSMchannelcharacteris-
tics thantraditionalMarkov modelsand(2) generatesartificial tracesthat
closelymatchcollectedtraces’statistics.Usingthesetracesin asimulator
environmentenablesfutureprotocolandapplicationtestingunderdifferent
controlledandrepeatableconditions.

1 Intr oduction

As networks evolve, the designof communicationprotocols
increasesin complexity. Evaluatingthe performanceof existing
networks provides insightsinto techniquesfor optimizing future
protocols.Themostcommontechniquesincludesimulation,anal-
ysisof empiricaldata,andanalyticalmodels(e.g.,channelmod-
els). Accuratemodelingof network events,especiallythe error
behavior at link layer andabove, is essentialto the understand-
ing of network behavior andto thedesignof communicationpro-
tocols. For example,a detailedunderstandingof the packet loss
processandburstinessof errorsis necessaryfor theproperdesign
andparametertuningof errorcontrolprotocols,suchasAutomatic
RepeatreQuest(ARQ) protocols.

Streamingaudio andvideo multimediaapplicationscan also
benefitfrom a betterunderstandingof theunderlyingnetwork be-
havior. For example,video andaudiocodecscan performreal-
time predictive ratecontrol by using a model of network traffic
characteristicsto estimatetraffic conditionsin real-time.�
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The traditionalnetwork modelingapproachto errormodeling
is to createa Gilbert model[17] (i.e.,a two statediscreteMarkov
model) basedupon collectednetwork traffic traces. Using this
model,onecanthendynamicallygenerateartificial network traces
for the network understudy and usethe tracesto simulate,and
thus,betterunderstandthe performanceof existing andnew net-
work protocolsand applications. Thesetracesprovide network
protocolandapplicationdeveloperswith easeof useandrepeata-
bility, two critical characteristicsfor developing and improving
network andapplicationperformance.More importantly, for new
networksunderdevelopment(or for which thereareonly limited
prototypes),it is often difficult to collect a reasonableamountof
tracesor to run experiments.By generatingsynthetictracesthat
simulatethe network beingtested,multiple userscansimultane-
ouslygainnetwork accessandperformexperiments.

Unfortunately, aswe will show, Markov modelshave several
significantshortcomingsin the accuracy of their error modeling,
whichdirectlyaffectsthevalidity of resultsbasedupontracesgen-
eratedfrom thesemodels.ModelsbaseduponMarkov processes
requirethat the error statisticsremainconstantover time. Many
networksexperiencetimevaryingeffects,suchascongestion-related
losses.Wirelesschannels,in particular, experienceoversmalltime
periodseffectssuchasRaleighfading,multipathfading,shadow-
ing, etc. While previous work hasnot focusedon stationarityof
traces,we hypothesizethatwirelesstracesexhibit non-stationary
behavior over smallwindow sizes,andthatby isolatingandana-
lyzing stationarytracesegments,moreaccuratemodelscanbede-
veloped.Utilizing a previously published,but not widely known
algorithm for testingstationarity[2], we tested215 minutesof
wirelesstracesandconfirmedits non-stationaritywith a derived
window size. This implies that traditionalstochasticanalysisof
wirelesstracesarelikely to belessaccuratethanideal.

Thus,we proposeandevaluatea novel algorithm,theMarkov-
based Trace Analysis (MTA) algorithm,for thedesignof channel
errormodels.Our approachis to derive a statisticalconstantfrom
the wirelesstrace,andusethis constantto divide the previously
non-stationarytrace into stationarysubtracesrepresentinglossy
anderror-freesegmentsof transmission.By analyzingthe length
distributionsof thesesegments,wecaneffectively characterizethe
transitionsbetweenthem,andcreateamodelthatmoreaccurately
representstheoriginal trace.

In practice,this MTA algorithmallows a moreaccurateanaly-
sis of network traceswhich accountsfor their non-stationarybe-
havior. This characteristicmakes MTA a generalpurposealgo-
rithm, meaningthat it can be appliedto network tracessuchas
wirelesstraceswhichexperiencedifferenterrorstatisticsovertime.
However, thepurposeof thiswork is not to show thattheMTA al-
gorithm is generalpurpose,but to arguethat the MTA algorithm
generatesaccurateanalyticalmodelsfor wirelesschannels.

We validatethe benefitsandaccuracy of the MTA algorithm
by applyingit to 215minutesof GSMdigital wirelesscellularnet-



work [15] datatracescollectedat the reliable link layer (Radio
Link Protocol� layer [5, 7]) to generatea modelwe call the MTA
GSM channel model. We thenshow that,unlike tracesgenerated
by Markov models,artificial MTA modelnetwork traceshave the
samestatisticalpropertiesastracescollectedfrom theactualnet-
work. Suchtraceswill provide moreaccuratesimulationsof the
network beingtested,yielding resultsthatmorecloselymatchthe
resultsobtainedon actualnetworks.

In particular, wegenerateartificial tracesusingtheMTA, Gilbert,
and3rd orderMarkov models,andperformretrace analysis [11]
on theseartificial traces.Retrace analysis emulatesan enhanced
RLP layerusinga fixeddataframesizeandfixedperframeover-
head(e.g.,checksums,sequencenumbers,etc.),andcalculatesthe
predictedthroughputover a rangeof fixed RLP framessizes. In
our enhancedRLP implementation,framesizesaremultiplesof
thephysicalradioblock sizeof 30 bytes� . For a givenframesize,
thereis a trade-off betweenthe increasedthroughputfrom reduc-
ing overheadand the retransmissiondelay causedwhen a radio
blockof anRLPframeis lostandtheentireframeis retransmitted.
In otherwords,a greaterframesizeleadsto (1) lower overhead,
and(2) longerretransmissiondelay(moreradioblockshave to be
retransmitted)whena radioblock is corrupted.Thus,throughput
performanceresultsfor eachframesizearehighly correlatedwith
a collectedor synthetictrace’s error statistics. In [11], we used
retrace analysis to show that for burstyerror traces(whereerrors
tendto occurin clusters),larger framesyield higher throughput.
Furthermore,we showed that incorrectly assumingan even dis-
tribution of errorsin GSM leadsto the wrong choiceof optimal
framesize.

Theseresultsshow that thedistribution of errorswithin traces
hasa significantinfluenceon models,analysis,and simulations
baseduponsuchtraces.This conclusionis especiallytrue when
thegoalis to artificially generatetracesfor thedesign,simulation,
andanalysisof new networkingprotocols.To replicateandfurther
exploretheresultsfrom our earlierwork, we generateanartificial
tracethatwe call even error distribution (EED) trace, which has
thesameerrorrateascollectedtraces,but with anevenerrordis-
tribution (i.e., errorsare individual events, isolated,and have a
constantdistancebetweeneachother).

Therestof this paperis organizedasfollows: We startby dis-
cussingrelatedwork in thenext section.Section3 providesback-
groundinformation aboutGSM’s Circuit-SwitchedData (CSD)
serviceandanoverview on DiscreteTime Markov Chains.Next,
in Section4, wedescribeourmeasurementplatformfor collecting
framelevel errortraceson theGSMwirelesslink. ThenSection5
shows the developmentof the MTA algorithm,followed by Sec-
tion 6, wherewe develop threeanalyticalmodelsfor GSM wire-
lesstraffic: theMTA model,theGilbert model,andthe3rd order
Markov model.In Section7,wepresentouralgorithmfor generat-
ing artificial tracesandevaluatetheMTA algorithmby comparing
the traffic statisticsof thecollectedandartificial traces.We con-
cludeanddiscussour plansfor futurework in Section8.

2 RelatedWork

Several researchershave exploredwaysof characterizingthe
lossprocessof variouschannels.Bolot et al. [3] usea characteri-
zationof thelossprocessof audiopacketsto determineanappro-
priateerror control schemefor streamingaudio. They modelthe
lossprocessasa two-stateMarkov chain,andshow that the loss�

Notethat theexisting GSM RLP implementationusesa framesizeof oneradio
block.

burst distribution is approximatelygeometric. Yajnik et al. [20]
characterizethe packet loss in a multicastnetwork by examin-
ing thespatial(acrossreceivers)andtemporal(acrossconsecutive
packets)correlationin packet loss. Of particularinterestis their
modelingof temporallossasa third orderMarkov chain. Both
theseefforts analyzethe loss processof traceswith static error
statistics(i.e., theerrorratesdonotvary over time). However, our
work addressesthe additionalchallengeof modelingtraceswith
time-varyingerrorstatistics.

Thereis alsointerestingrelatedwork in wirelesstraffic model-
ing. Nguyenet al. [16] usea trace-basedapproachfor modeling
wirelesserrors. They presenta two-stateMarkov wirelesserror
model,anddevelopanimprovedmodelbasedon collectedWave-
LAN errortraces.Building onthis,BalakrishnanandKatz[1] also
collectederror tracesfrom a WaveLAN network anddevelopeda
two-stateMarkov chainerror model (i.e., Gilbert model). Zorzi
et al. [21] alsoinvestigatesthe error characteristicsin a wireless
channel.They compareanindependentandidenticallydistributed
(IID) modelto theGilbertmodel,andclaimthathigherordermod-
els arenot necessary. Their resultsaredrawn by applyingthese
modelsto artificial tracesgeneratedby assigninga fixed-average
burstlengthandaconstantbit errorrate.

While theseprevious works confirm that Markov modelsim-
prove uponthesimpleIID model,weoffer proof in thispaperthat
thesemodelshave several significantshortcomingsin their error
modelingaccuracy. Furthermore,we arguethat thereis a needto
developa moreaccuratemodelbasedon realworld statisticsthat
betterdescribesandhandlestime-varying wirelesschannelerror
characteristics.Previous work suchasthat doneby Yajnik et al.
modeledlossprocessesusinghigher-orderMarkov chainsfor im-
proved accuracy, but was limited to stationarytraces. We show
thattraceson wirelesslinks arenon-stationary, andprovide anal-
gorithmthatsuccessfullymodelssuchbehaviour.

3 Background

In thissectionwepresentabrief backgroundonthetechnology
behindcircuit-switcheddatain GSM networks. We also define
DiscreteTimeMarkov Chains(DTMC) andsomeof their relevant
properties.

3.1 Cir cuit-Switched Data in GSM

The Global Systemfor Mobility (GSM) wirelessdigital cel-
lular network is a secondgenerationcellular network, providing
nearly700million subscriberswith globalroamingcapabilitiesin
severalhundredcountries.GSM implementsseveralerrorcontrol
techniques,includingadaptive power control,frequency hopping,
Forward Error Correction(FEC), and interleaving. The primary
usesof theGSM network arefor Circuit-SwitchedVoice service
(CSV) andShortMessageService(SMS). However, an increas-
ing numberof subscribersareusingGSM’sCircuit-SwitchedData
service(CSD),which providesanoptionalreliablelink layerpro-
tocol,theRadioLink Protocol(RLP).Weprovideabrief summary
below; moredetailsaboutGSM,theCSDservice,andRLPcanbe
foundin [15].

GSMisaTDMA-based(TimeDivisionMultiple Access)circuit-
switchednetwork. At call-setuptime, a mobile terminal is as-
signedauserdatachannel,definedasthetuple � carrierfrequency
number, slot number� . The slot cycle time is 5 millisecondson
average. This timing allows 114 bits to be transmittedin each
slot, yielding a grossdatarateof 22.8 Kbit/s. The fundamental



transmissionunit in GSM is a radio data block. A Forward Er-
ror Correction(FEC)radiodatablock is 456bits, representingthe
payloadof 4 time slots. In GSM-CSD,thesizeof an unencoded
datablockis 240bits,resultingin araw datarateof 12Kbit/s (240
bitsevery 20milliseconds)[6].

Interleaving is a techniquethat is usedin combinationwith
FECto combatburstbit errors.Insteadof transmittingadatablock
in four consecutive slots, the block is divided into smallerfrag-
ments.Fragmentsfrom differentdatablocksaretheninterleaved
beforetransmission.The interleaving schemechosenfor GSM-
CSD interleavesa singledatablock over 22 TDMA slots[8]. A
few of thesesmallerfragmentscanbecompletelycorruptedwhile
thecorrespondingdatablockcanstill bereconstructedby theFEC
decoder. The primary disadvantageof this deepinterleaving is
that it introducesa significantone-way latency of approximately
90milliseconds	 . Thishigh latency canhavea significantadverse
effecton interactive protocols[12].

RLP [5, 7] is a full-duplex logical link layerprotocolthatuses
selective reject and checkpointingfor error recovery. The RLP
framesizeis fixedat 240bits alignedto theabove mentionedra-
dio datablock. RLP introducesan overheadof 48 bits per RLP
frame,yielding a userdatarateof 9.6 Kbit/s in the idealcase(no
retransmissions)
 . RLP transportsuserdataasa transparentbyte
stream(i.e., RLP doesnot “know” aboutIP packets). However,
RLP may losedataif a link resetoccurs(e.g.,after a maximum
numberof retransmissionsof a singleframehasbeenreached).

3.2 DiscreteTime Mark ov Chains

A DiscreteTimeMarkov Chain(DTMC) [17] is arandompro-
cess �������������� that takesvaluesin a discretespace� . A
DTMC is definedby its memoryand its transitionprobabilities
andis characterizedasfollows,

����� � �! �#"%$ �&��' ")( '+*,� �#"-(.� */0/0/0*1� � ")( �32 "�4�&� ���+ � "%$ �5���7698: � *<;>=@?A=CB 2 * (1)

where
����� � �+ �D"E$ �F� �G638H � *;%=I?J=IB 2 are the BLKNMPORQ

transitionprobabilities,and B definesthememory.
To calculatethememoryof a DTMC, we find theorder of the

Markov chainasfirst proposedin [14]. To aid in determiningthe
order of the Markov chain, we introducethe conceptof condi-
tional entropy. Theconditional entropy is anindicationof theran-
domnessof thenext elementof a trace,giventhepasthistory. We
determinetheamountof pasthistorynecessaryby calculatingthe( MTS order entropy for ;U= ( =JV , where V is anupperboundon
themaximumamountof historywewantto record.WechooseV
to be W becausemaintaininghistoryfor X5Y or 64statesyieldsarea-
sonablelevel of implementationandprocessingcomplexity (more
statesimplieshighercomputationaltime). An ( MTS order entropy of� indicatesthatknowing thelast ( elementsof thechaintotally pre-
dictsthenext elementonthechain.As theentropy valueincreases,
thereis morerandomnessin thenext elementonthechain.Wefol-
low thesameprocedureusedby Yajnik et al [20] to calculatethe
conditionalentropy for eachvalueof ( :Z[� ( 2 "]\ ^`_a

b ��cd 2e KNfg4QhiO,K ^j5k�l 'Hm �Nn
b �To * cd 2b ��cd 2qp0r5s 	 b �To * cd 2b ��cd 2 (2)t

Notethatvoiceis treateddifferentlyin GSM.Unencodedvoicedatablockshave
asizeof 260bits andtheinterleaving depthis 8 slots.u

Notethatthetransparent(withoutRLP)GSM-CSDserviceintroducesawasteful
overheadfor modemcontrolinformation,reducingtheuserdatarateto 9.6Kbit/s.

In Equation2,
cd representsthe vector v d � /0/0/ d9wTx which corre-

spondsto oneof the X w differentpatternsof ( consecutiveelements
in the chain;

e KNfg4QhiO,K representsthe total numberof samplesof
length( in thechain;

b ��cd 2 indicatesthenumberof timesthepatterncd " v d � /0/0/ d3wyx shows up in thechain;andthe term
b �To * cd 2 corre-

spondsto thenumberof timesthepattern
cd " v d � /0/z/ d w x appearsin

thechainfollowedby
o
, where

o|{ ���G*;&� .
Giventheimplicit tradeoff betweenentropy andcomplexity of

theMarkov model,we choosetheorder of theMarkov chain B ,
suchthatwe gaintheminimumentropy possibleat anacceptable
complexity level. As entropy decreases,the order B increases,
meaningthenumberof states(i.e., X+} ) increasesexponentialy.

4 Data Collection

In this section,we first introducethe conceptof frame error
traces. Thenwedescribethemeasurementplatformwedeveloped
to collectthesetraces.

4.1 Frame Err or Traces

An accuraterepresentationof awirelesschannel’serrorcharac-
teristicsfor agiventimeperiodcanbecapturedby abit errortrace.
A bit error tracecontainsinformationaboutwhethera particular
bit wastransmittedcorrectly(i.e.,a “1” representsa corruptedbit,
while a“0” representsacorrectlytransmittedbit). TheaverageBit
Error Rate(BER) is the first-ordermetric commonlyusedto de-
scribesucha trace.Thesameapproachcanbeappliedon a frame
level insteadof on a bit level. A frameerror traceconsistsof a
binary sequencewhereeachelementrepresentsthe transmission
stateof a dataframe.Therearetwo framestates,a “1” represents
acorrupteddataframe,while a“0” representsacorrectdataframe.
Corruptedframesaredetectedusinganerrordetectioncode(e.g.,
Cyclic Redundancy Check).In this paper, we referto frameerror
tracessimply astraces.We alsousetheFrame Error Rate (FER)
of a traceto definetheaveragerateof corrupteddataframes.For
atrace,wedefineanerror burst to bearunof consecutive 1’s,and
anerror-free burst asa runof consecutive 0’s.

We have collectedtracesunderseveraldifferentscenarios.As
shown in Figure 1, we vary the movementof the mobile host
(fixed, walking, and driving) while keepingthe other endpoint
fixed. We collected215minutesof tracesin a fixedenvironment,
wherethemobilehost’s signalstrengthwasbelow 4 on a scaleof
1 to 5. In thefollowing sections,we referto this traceastheGSM
trace. In Section6, we usethe GSM trace to develop an analyt-
ical traffic model for RLP. Note that the error characteristicswe
havemeasuredin thesetracesareonly valid for theparticularFEC
andinterleaving schemeimplementedin GSM’s Circuit Switched
Datanetwork (seeSection3.1). To analyzeothertypesof network
channels,thefirst stepis to collectframeor packet level tracesand
thento applytheanalysisdescribedbelow.

4.2 MeasurementPlatform

We depict our measurementplatform in Figure1. A single-
hopnetwork runningthePoint-to-PointProtocol(PPP)[18] con-
nectsthe mobile host to a fixed host that terminatesthe circuit-
switchedGSMconnection.Weusedthesock tool [19] to generate
traffic on the link. To collect traffic tracesat the RLP layer, we
portedthe RLP protocol implementationof a commercialavail-
ableGSM dataPC-Cardto BSDi3.0 UNIX. In addition,we de-
velopedRLPDUMP, a protocolmonitortool for RLP. RLPDUMP
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logswhetheror not a receivedframecouldbecorrectlyrecovered
by the FEC decoder. This determinationis possiblebecauseev-
ery RLP framecorrespondsto an FEC encodedradio block (see
Section3.1). Thus,a receivedblock suffersanerrorwhenever the
correspondingRLP framehasa framechecksumerror. We used
sockto generatebulk datatraffic andusedRLPDUMPto capture
frameerrortraces.

5 The MTA Algorithm

ThebasicconceptbehindtheMTA algorithmis theassumption
thatatracewith non-stationarypropertiescanbedecomposedinto
asetof piecewisestationarytracesconsistingof whatwedefineas
“lossy” and“error-free” states.TheMTA algorithmdefinesthese
states,andparameterizestransitionsbetweenthemasafunctionof
apresetparameter, thechange-of-state constant.

Error-freestatescontainonlycorrectlytransmittedframes,while
lossystatesexhibit stationarity, anda sequenceof lossystatescan
be modeledby a traditional DTMC. The MTA algorithm com-
putesthedistributionof lengthsfor botherror-freeandlossystates,
alongwith thememoryandparametersfor theDTMC usedon the
sequenceof lossystates.

In this section,we first discussstationaritypropertiesandhow
to testa tracefor stationarity. WethenpresenttheMTA algorithm
andshow how it is appliedto a trace.

5.1 Stationarity

We considera network traffic traceto be a randomprocess����~��������� with a discretespace� " �&�7*;&� wherea ;
denotesa corruptedframe,anda � denotesa correcttransmitted
frame.If �A� ")( , thentheprocessis saidto havevalue ( attime � .
A process�A� that takesvalueson thediscretespace� " �&�7*;&�
is alsocalleda binary time series[4]. Onemajorchallengein the
analysisof timeseriesis theconceptof stationarity. A process���
is strictly stationaryif thedistribution of

� ��Q  � *H/z/0/0*1� Q  } 2 is the
sameasthatof

� � � *</0/0/0*1� } 2 for each� and � . �A� is second-order
stationaryif themean��� " � � �A� 2 is constant(independentof� ), andtheautocovarianceonly dependsonthedifference� for all� ( ���&� � ��*1� 2 " ���5� � �A��*1��� \ � 2 " ���&� � � 2 ). Givena binary
time series� � that is second-orderstationary, theprocesscanbe
modeledasa DTMC wherethevalueof thechainat time � is de-
terminedby thememoryof theprocess[10]. However, checkinga
tracefor stationarityis mathematicallychallenging.

We definea traceto bestationary whenever theerrorstatistics
remainrelatively constantover time. This definition dependson
thewindow sizeweareusingto examinethetrace.Figure3 shows
that GSM trace consistof error anderror-free bursts,wherethe
lengthof error-freeburstsaresignificantlylongerthanthe length
of errorbursts.In otherwords,thetracesconsistof longerror-free
segmentsinterruptedby small error clusters[13]. Note that for
channelswith relatively smallerrorclusters,examiningtracesus-
ing a largewindow sizevaluenot only lowerstheperceivedchan-



nel error rate,but alsodistortsthe statisticsneededby DTMC’s,
resulting� in lessaccuratemodels. As the window sizedecreases
towardsthelengthof theaverageerrorburst,thechannelexhibits
significantlydifferenterrorcharacteristics.

We identify tracesectionsthatexhibit stationarypropertiesby
findingerror-freeburstsof lengthequaltoor greaterthanthechange-
of-state constant� . Thevalueof � is a designdecisionthatwe
defineas the meanplus one standarddeviation of the length of
error burstsof a trace. By removing tracesectionsconsistingof
error-freeburstsof lengthequalto or greaterthan � , we guaran-
teethat theresultingtracewill have stationarityor constanterror
statisticproperties. We explain the reasoningbehindour choice
in moredetail in Section6.1. We next definea lossy state asa
sequenceof zerosandones(alwaysstartedby a one),whereeach
runof zerosis notgreaterthanthechange-of-state constant� . To
testfor stationarityin wirelesstracesweneedto chooseawindow
sizecloseto theaveragesizeof thelossystate.

We usethetestfor stationarityintroducedby BendatandPier-
solcalledtheRunsTest[2], summarizedasfollows:

1. Definea run asa numberof consecutive ones(alsoreferred
to asanerrorburst).

2. Divide thetraceinto segmentsof equallengths.

3. Computethelengthsof runsin eachsegment.

4. Count the numberof runs of length above and below the
medianvaluefor run lengthsin thetrace.

5. Plot ahistogramfor thenumberof runs.

For a stationarytrace,thenumberof runsdistributionbetween
the0.05and0.95cut-offs will becloseto 90 percent[2].

We applytheRunsTestto testGSM trace for stationarity. We
first calculatethemeanandstandarddeviation for theerrorburst
length. In this case,themeanvaluewasfoundto be6 framesand
the standarddeviation was14 frames,yielding a state-of-change
constantvalue � of 20 ( W��C;H� ) frames.Theaverageerrorcluster
sizewasfoundto be26 framesandthestandarddeviation was54
frames.Wechoosethewindow sizefor theRunsTestto be50.

Figure4 shows thatonly 17 percentof therunsdistribution lie
betweenthe 0.05 and0.95 cut-offs, and83 percentlays outside
theleft andright cut-offs. Thus,from theRunsTest,we conclude
that GSM trace is a non-stationaryprocessfor a window sizeof
50. In thefollowing sectionswe usethe termstationarityto refer
to stationarityfor window sizeof 50.

5.2 Algorithm

TheMTA algorithmviews a traceasa processwith two types
of states: lossy and error-free. The algorithm divides the trace
into a lossy trace consistingof a concatenationof lossy states (as
definedin Section5.1),anda error-free trace consistingof a con-
catenationof error-free states (seeFigure2).

We definetwo randomprocesseswith a discretespace� "���G*;5*�X7*/0/0/ � :� The lossy state length process�&� � ��������� , where � �
representsthe numberof elementsin the � MTS lossy state,
(i.e, thelengthof thestate).� The error-free state length process�5� � ���]���!� , where��� representsthelengthof the � MTS error-freestate.
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Thedistributionsof ��� and ��� arefoundby plotting thecu-
mulativedensityfunction(CDF)andfinding the“best” fitting dis-
tributions.We provide anexampleof how to determinethesedis-
tributionsin Section7.1.

Theerror-free trace is adeterministicprocess,whereall values
arezero.Thelossy trace isanstationaryrandomprocess,therefore
it canbemodeledasa DTMC with a certainmemory. TheMTA
algorithmcalculatesthememoryof thelossy trace, anddetermines
its transitionprobabilities.

Theapplicationof theMTA algorithmto aninput tracecanbe
summarizedasfollows:

1. Calculatethemean( ��O ) andstandarddeviation ( �<�7O ) val-
uesfor errorburstlengthsin thetrace.

2. Set � , thechange-of-state constant,equalto ( � O + �<� O ).
3. Partition the traceinto lossy state anderror-free state por-

tionsusingthefollowing definitions:� Lossystate:runsof 1’s and0’s, with thefirst element
beinga 1, andwith runsof 0’s that have length less
thanor equalto the � .� Error-free state: runs of 0’s that have length greater
than � .

4. Createlossy trace anderror-free trace stationarytracesfrom
thelossyanderror-freestateportionsof thetrace.� Lossytrace:concatenatethelossystateportionsof the

trace.� Error-free trace: concatenatethe error-free statepor-
tionsof thetrace.

5. Model lossy trace asa DTMC, andcalculateits orderand
transitionprobabilities.

6. Determinethe bestfitting distributions of the length pro-
cesses��� and ��� .

In summary, to take advantageof theMarkov Processproper-
tiesin non-stationarytraces,wehaveusedanovel approachto traf-
fic modeling: a Markov-based Trace Analysis (MTA) algorithm
thatdividesa traceinto subsettracesthathave stationaryproper-
ties.
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6 Modeling GSM WirelessChannel

In this section,we demonstratetheprocessof extractingchar-
actericstatisticsfrom a given traceusing the MTA andMarkov
models[17]. Weapplyall threealgorithmsto GSM trace to gener-
atethestatisticswhichwewill lateruseto generateartificial traces
basedon eachmodel.

6.1 MTA GSM Model

This sectionpresentsan applicationof the stepsof the MTA
algorithm(asdescribedin section5) to GSM trace.

First,theMTA algorithmanalyzestheerror-free anderror bursti-
nessexperiencedby GSM trace (seeFigure3), andcalculatesthe
state-of-change constantvalue � . Section5.1 calculated� to be
20. Sinceour goal is to isolateandanalyzesectionsthat expe-
riencestationarity, we usethe MTA algorithmto createtwo new
traces,called lossy trace anderror-free trace, eachconsistingof
stationarytracesections.TheMTA algorithmcreatesthesetraces
(asdescribedin Section5) by first identifyingerror-free andlossy
statesandthenconcatenatingerror-free statesto form error-free
trace andlossy statesto form lossy trace. Figure5 showstheerror-
freeburstsanderrorburstinessexperiencedby lossy trace. In this
plot, theaverageerror freeburst is 3.26frames,with a maximum
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Figure 7. The Runs Test applied to lossy trace.

valueof 20 frames(recallthatthechange-of-state constant� was
definedto be20). Theerrorfreeburstmeanandmaximumvalues
in lossy trace aremuchsmallerthantheerrorburstmeanandmax-
imum valuein GSM trace. Thus,our choiceof � guaranteesthat
lossy trace will experienceconstanterror statisticpropertiesand
thereforestationarity. To prove that lossy trace is an stationary
processweapplytheRunsTest.Figure7 shows that87percentof
therunsdistributionlie betweenthe0.05and0.95cut-offs. There-
fore, this resultprovesthat lossy trace is a stationaryprocessand
canthusbemodeledasaDTMC.

Next, theMTA algorithmmodelslossy trace asa DTMC with
memoryB . To determinethememoryB of theDTMC, theMTA
algorithmfirst calculatesthe conditionalentropy values. Table1
shows the conditionalentropy calculatedfor different B values.
Figure6 illustrateshow thecomplexity of theDTMC measuredin
numberof statesincreasesexponentiallyasentropy decreases.For
thistracewechoseB to be4 (i.e.,16numberof states),whichcor-
respondsto only 0.38percentincreasein entropy from thechosen
upperboundof B " W . WecouldhavechosenB to belargerthan
4, but we did not want to significantlyincreasethecomplexity of
theMarkov model.

Table2 shows theprobabilitiesof thetracebeingin eachstate
andthe associatedtransitionprobabilities. The transitionproba-



bilities werealsocalculatedby frequency counting.

Order B Entropy
6 0.5228
5 0.5240
4 0.5248
3 0.5290
2 0.5422
1 0.5585

Table 1. Entr opy for the lossy trace.

The last stepof the MTA algorithm is to determinethe best
fitting distribution for thelossystatelengthprocess� � anderror-
freestatelengthprocess��� . Figures8 and9 show the CDF for
theprocesses��� and ��� . Eachfigureshows two plots,oneplot
is the CDF ascalculatedfrom the empiricaldata,(i.e, the distri-
bution of GSM trace), andtheotherplot correspondsto theCDF
of an exponentialdistribution with parameter� . We assumethat
thedistributionsof ��� and ��� areexponentialwith parameter� ,
(i.e. theCDF � � d 2 " ; \�� 63� a , whered is theerror-freeor lossy
statelength). For eachdistribution, � � and � � , the MTA algo-
rithm plotstheCDFof theexponentialdistributionwith � ranging
from 0 to 1 in stepsof 0.001,andthenchoosesa valueof � that
providesthebestapproximationto theempiricaldata’s CDF, (i.e.,
the distribution for GSM trace). We denote

cd asthe vectorwith
the CDF valuesbasedon the empiricaldata,and

co
asthe vector

with theCDF valuesbasedon thepredictedexponentialdistribu-
tion. We usethestandard error asa measureof theerrorbetween
plots,andchoosethedistributionwith smalleststandarderror. The
equationfor thestandarderrorof thepredicted

co
is

� O,�1�. �� �&co * cd 2 " ¡ v ;� � � \ X 2 x v ¢ �To 2 \ v �U£ d o \ £ d £ o x 	¢ � d 2 x
(3)

where ¢ �T¤ 2 " �U£ ¤ 	 \ � £ ¤ 2 	 , and � is the dimensionof
thevectors

co
and

cd .
The predicteddistributions for the lossy and error-free state

lengthsareexponentialdistributionswith parameters��¥ " �G/ �+¦+§
and �©¨ " �G/ �&� , respectively. The standarderror valuesfor the
predicteddistributionsof ��� and ��� are0.013and0.025respec-

State ª «`¬�®ªy¯ «°¬1²±�³Hªy¯ «°¬�P´>³:ªy¯
0000 0.1254 0.1699 0.8301
0001 0.0305 0.6414 0.3586
0010 0.0172 0.1832 0.8168
0011 0.0344 0.8009 0.1991
0100 0.0166 0.3073 0.6927
0101 0.0033 0.8129 0.1871
0110 0.0087 0.2683 0.7317
0111 0.0415 0.8889 0.1111
1000 0.0305 0.3022 0.6978
1001 0.0210 0.7037 0.2963
1010 0.0027 0.0547 0.9453
1011 0.0159 0.8820 0.1180
1100 0.0350 0.4556 0.5444
1101 0.0153 0.8623 0.1377
1110 0.0415 0.3118 0.6882
1111 0.5604 0.9341 0.0659

Table 2. Four th order Markov model statistics.
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Figure 9. Error-free state length distrib ution.

tively. Note that a lower standarderror value indicatesa more
accurateprediction.

6.2 The Mark ov GSM Models

To studytheperformanceandaccuracy of theMTA algorithm,
we comparedthe MTA model to two Markov-chainbasedmod-
els, the traditionalGilbert modelanda 3rd orderMarkov model.
TheGilbert modelis a DTMC of order one(i.e.,with two states).
In our traces,theGilbert modelstatescorrespondto thestatusof
eachdataframe �&�7*;&� , wherea ; denotesa corruptedframeand
a � denotesa correctframe. TheGilbert modelpredictsthestate
of thenext frameby just looking at the previous received frame.
Figure10 shows the Gilbert modelstatetransitiondiagram. Ta-
ble 3 shows theresultsof theGilbert modeltransitionprobability
calculationsfor GSM trace.

The 3rd orderMarkov model is a DTMC of order three(i.e.,
with eight states). Comparedto Gilbert, this modelkeepstrack
of thestatusof thepreviousthreeframes,increasingits prediction
accuracy at thecostof additionalcomplexity in theMarkov chain.
Table4 shows the transitionprobability calculationsfor the 3rd
Markov modelfor GSM trace.
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Figure 10. Gilber t model state transition dia-
gram.

State ( �4��� ( 2 �4�&� ;U� ( 2 ����� ��� ( 2
0 0.9449 0.0087 0.9913
1 0.0551 0.8509 0.1491

Table 3. Gilber t model statistics.

7 TraceGenerationand Evaluation

A key capabilityof theMTA algorithmis theability to generate
artificial traces(of any duration)with thesamestatisticalcharac-
teristicsastracescollectedfrom any givennetwork. In thissection,
wedemonstratehow to generateanartificial tracegivencharacter-
istic statisticsfrom theMTA model.Wealsogeneratetwo artificial
tracesbasedon theGilbert and3rd Markov models,andcompare
all threeartificial tracesagainsttheGSM trace. Weshow thatwith
respectto key characteristicssuchaserrorburstlengthdistribution
andthroughputvs framesize,theMTA artificial traceprovidesa
muchimprovedapproximationof theoriginal GSM trace.

7.1 MTA Artificial TraceGeneration

The algorithmfor tracegenerationfrom an MTA model is as
follows:

1. Choosethenumberof frames,µ , to generatein theartificial
trace.

2. Thealgorithmrepeatsthefollowing stepsuntil all µ frames
have beengenerated:

(a) Determine ¶ hiO � , the error-free statelength from the
error-freestatelengthdistribution ��� .

(b) Determine· hiO � , the lossystatelengthfrom the lossy
statelengthdistribution ��� .

(c) Generate¶ hiO � error-freeframes(i.e.,asequenceof “0”
of length ¶ hiO � ).

(d) Generate· hiO � framesthatareeitherlossyor error-free
framesdependingonthetransitionprobabilitiescalcu-
latedfor thelossytracein theMTA model.

Recallthat in theMTA model,we observedthat the lossyand
error-free statedistributions, � � and � � , fit exponentialdistri-
butions. Thus,to calculate· hiO � and ¶ hiO � we canusethe inverse
transformationmethodfrom [9]. Givenarandomvariable � with
aCDF � � d 2 , thevariablȩ is uniformly distributedbetween0 and
1. We cangeneratea samplevalueof � by generatinģ andcal-
culating d " � 6 � � ¸ 2 . In theexponentialcasewith parameter� ,

State ( �4��� ( 2 ����� ;U� ( 2 ����� �L� ( 2
0 0 0 0.9299 0.0056 0.9944
0 0 1 0.0068 0.5488 0.4512
0 1 0 0.0034 0.1140 0.8860
0 1 1 0.0048 0.8087 0.1913
1 0 0 0.0068 0.2360 0.7640
1 0 1 0.0014 0.7654 0.2346
1 1 0 0.0048 0.2139 0.7861
1 1 1 0.0421 0.9074 0.0925

Table 4. 3rd Markov model statistics.
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Figure 11. Error burst length distrib ution.

¸ " � � d 2 " ; \�� 6¹� a , d canbedeterminedfrom d "]\»º � � ¸ 2.¼ � .
In eachcase,d correspondsto either ¶ hiO � or · hiO � .

It shouldbeclearby inspectionthatanartificial tracecreatedby
theabove algorithmis guaranteedto have thesamecharacteristics
asthoseextractedby theMTA algorithm.

7.2 Trace Comparison

Herewe evaluatethe MTA algorithmby comparingthe error
statisticsof theGSM trace againstthe threeartificial traces.Fig-
ure11plotseachCDFfor theerrorburstlengthsof thefour traces.
The mean,standarddeviation, andmaximumvaluesaresumma-
rizedin Table5. NotethatGSM trace andtheMTA artificial trace
experiencesimilar burstcharacteristicswith 95 percentof theer-
ror burst lengthsbeingsmallerthan22 frameslong, while in the
Gilbert trace95% of the error burst lengthsareof size1, andin
the3rd Markov trace95areof size4. Theseresultsshow that the
errorburstdistributionof theMTA tracerepresentsa muchcloser
approximationto thecollectedtrace,GSM trace.

Trace Mean St Deviation Maximum
GSM trace 6 14 126
MTA trace 7.0 8.1 82

Gilbert trace 1.8 0.4 4
3rd Markov trace 2.35 0.02 8

Table 5. Error Length Statistics

To demonstratetheimportanceof anaccuratemodelfor setting
systemparameters,we cite anexamplewherea naive assumption
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aboutthechannelstatisticscanleadto poorperformance.In [11],
weshowedhow aninaccuratechannelmodelcanleadto poordeci-
sionon theoptimalRLP framesizeof anenhancedmultiple radio
block implementation(seeSection1). We repeatthis demonstra-
tion usingtheGSM trace, artificial tracesfrom MTA, Gilbert, 3rd
Markov, and an artificial tracebasedon trivial assumptionswe
call even error distribution (EED) trace. We artificially generated
EED trace with the sameFER as GSM trace, but with an even
error distribution. We thenperformretraceanalysison the four
artificial traces,yielding theresultsshown in Figure12. Notethat
thethroughputfor EED trace decreasesdramaticallyasframesize
increases,yielding an optimal frame size of only 60 bytesor 2
radioblocks.TheGilbert traceexperienceshigherthroughputval-
uesfor small framesizes,but throughputdecreasesrapidly asthe
framesizeincreases.Its optimal framesizeis 150bytes(5 radio
blocks). The3rd Markov tracehasan optimal framesizeof 180
bytes,which improvesupontheGilbert estimate.In contrast,the
throughputplots for GSM trace andthe MTA tracefollow simi-
lar paths. Furthermore,they both yield an optimal framesizeof
210bytes(7 radio blocks). In this particularcase,retraceanaly-
sis shows that the improved accuracy of the MTA artificial trace
over the Markov artificial tracesleadsto a moreoptimal design
decision.

We usedthe standarderrorequation(seeEquation3) to mea-
surehow closelyeachartificial traceapproximatestheGSM trace.
The standarderror for EED trace was48, for Gilbert trace was
22, for 3rd Markov trace was10,andfor MTA trace was8. Small
standarderrorvaluessignify thatthetracesexperiencemoresimi-
lar errorstatistics.

In summary, weusedthecharacteristicsfrom theMTA, Gilbert,
and3rdMarkov modelsto generateartificial traces,andusedthese
tracestomeasurehow accuratelythesealgorithmsmodelrealtraces.
Both CDF andretraceanalysisshow that theartificial tracefrom
theMTA modelmoreaccuratelyportraystheoriginal GSM trace.
Thus,we concludethattheMTA modelprovidesa moreaccurate
approximationtechniquethanthetraditionalMarkov models.

8 Conclusion

In this paper, we presenta novel algorithmfor modelingnet-
workschannelsthatexperiencetime varying error statistics.The
time varyingnatureof wirelssandsomewired channelshasbeen
a limiting factorin theanalysisor modelingusingDiscreteTime

Markov Chains.However, ourMarkov-basedTraceAnalysisalgo-
rithm andtechniquesallow usto separateanon-stationarynetwork
traceinto stationarytracesandto accuratelymodelthetracesusing
DTMCs.

We comparetheapplicationof theMTA model,thetraditional
Gilbertmodelandthe3rdMarkov modelto tracescollectedin the
GSMwirelessdigital cellularnetworks,andshow thatMTA model
synthetictraceshave bursterrordistributionsthatarecloserto the
realdistributionsof collectedtracesthanthedistribution of traces
generatedfrom theGilbertand3rdMarkov models.

We further show thatwhenusingretraceanalysisto calculate
thethroughputfor differentframesizes,ourMTA modelyieldsthe
correctoptimalframesizedecision,whereaslessaccuratemodels
including theGilbert model,the3rd Markov model,andan even
errordistributionmodelyield incorrectandnon-optimalframesizes.
The resultsof the retraceanalysisgivesanexamplewherea less
accuratetraffic modelleadsto thewrongdesigndecision.

We arein theprocessof applyingtheMTA modelto theprob-
lem of modelingnext-generation2.5 generationand 3rd gener-
ation GSM networks, including the GeneralPacket Radio Ser-
vice (GPRS).Both networkscurrentlyhave limited prototypede-
ployment,makingexperimentationdifficult. However, by creating
MTA modelsfor eachnetwork, we will enableeasy, rapidexperi-
mentationandprototyping.
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