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ABSTRACT

Traffic burstinesgesultsin the predictability of useractiv-
ity at the individual sourcelevel, and the exploitation of
suchpredictabilityin thereceverdesignfor wirelesspacket
switchingrandomaccess/CDMAnetworks is investigated
in this paper It is shaovn thatthe corventionalapproactof
assumingall usersare active resultsin substantiaperfor
mancelosswhena linear multiuserdetectoyandin partic-
ular, a decorrelatingletectoris implemented.A two-stage
receveris proposedvherethefirst stageracksactive users
andprior to the secondstagesymboldetection.Two differ-
entusertrackersarepresentedh this paperandit is demon-
stratedthat, with the help of traffic predictability accurate
estimateof active setof userss possiblegvenwith asimple
matchedilter bankimplementatioratthefirst stage.

1. INTRODUCTION

While traffic modelingfor paclket switching networks has
beenstudiedfor morethana decadejts usagewaslimited
largelyto network performancenalysis With theadwentof
wirelesspacletswitchingnetworks,however, traffic model-
ing could be valuablein the recever designaswell. Con-
sider for example,the uplink of a randomaccess/CDMA
paclet switching network [7]. Assumetransmittercode,
i.e., eachuserencodedts pacletswith its own spreading
code. Eachuserfreely accesseshe network whenever it
hasnew pacletsarriving, thereforethe knowledge of ac-
tive usersis not known a priori to therecever. Thisran-
dom accessnechanisnis in contrastto mostcellular sys-
temswhereactive usersatary timeis known to therecever
throughinitial handshaking.The lack of suchinformation
promptstwo different approachesn the recever design.
The first one, referredto asthe corventionalapproachin
the sequel,assumeshatall potentialusersareactive. The
secondneidentifiesthe setof active userdirst beforesym-
bol detection.
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With simplematchedilter recevers,theapproactof as-
sumingall usersareactive doesnotrenderary performance
loss.However, if amultiuserdetecto(MUD), e.g.,adecor
relatingdetector(DD), is employedto mitigatemultiple ac-
cessinterference(MAI) and nearfar effect, this corven-
tional viewpoint will incur significantperformancedegra-
dation. It would thereforebe betteroff for the recever to
adoptthe secondapproach performinguseridentification
prior to symbol detection. The problemof detectingac-
tive usershasbeenaddressedby several authorsin a dy-
namicCDMA system[5, 4, 9]. A commonfeatureof their
approachess that the detectionis focusedon currentdata
window without utilizing the traffic continuity For paclet
switching networks, however, the traffic burstinesscauses
highly correlateduseractvities which resultsin enhanced
predictability of usertraffic at the individual sourcelevel.
Exploitationof suchpredictabilityto improve the recever
performancas the topic of this paperandin particular we
adopta first orderapproximatiorof burstytraffic originally
proposedby Viterbi in 1986[8]. The key to utilizing the
traffic modelis to corvertthe useridentificationproblemto
modelselectionproblemfor which the traffic continuity is
incorporatedn theregressoiselectiornprocedure.

The organizationof the paperis asfollows. In the next
section,the signal modelis presentedfollowed by a de-
tailed studyof the overmodelingeffect on the recever per
formance In section3, atwo stageMUD is proposedvhere
thefirst stageaimsto detectthe setof active users.Thisis
followed by somesimulationresultin section4 alongwith
someconcludingremarks.

2. OVERMODELING EFFECT

Considera slottedrandomaccesgaclet switchingsystem
with M subscribersasin [7]. Eachuseris assignecunique
spreadingodeandtransmitsynchronouslpveracommon
channel. AssumeBPSK for simplicity, the receved signal
within a pacletslot couldbewritten as

V)= AP 0)e® yz,(1), t=1,...,T (1)
k€ln



wheren is the pacletindex, ¢ is the symbolindex within a
paclet, T is the paclet size, k is the userindex, A®*), (k)
aretheamplitudeandthe signaturevectorof userk present
attherecever, b¥) () isthett® symbolwithin thent” paclet
for userk, z, (t) is additve white Gaussiamoisewith zero
meanandcovariancematrix o1, andZ,, is theindex setof
the active usersat slot n, thusZ,, C {1,2,...,M}. The
recever’s taskis to detectthe symbolsb%k) forall k € Z,,
without prior knowledgeof Z,, .

A linear DD canbeviewed asa leastsquarg(LS) esti-
matorfollowedby a signdetector A directresultof includ-
ing inactive usersin the system— so called overmodeling,
is theincreasedarianceof thoseparametersf interest.To
illustratethis, assumeonly oneuseris active whosesigna-
ture vectoris ¢, while D is the signaturevectorsof those
inactive userserroneouslyncludedin the model. It canbe
shavn thatthe varianceof LS solutionis the inverseof the
magnitudesquareof ¢ for thetrue model;while for thefull
modelit is the inverseof the magnitudesquareof the pro-
jectionerror[I — D(D'D)~!'D']c (cf. Figurel). Clearly,
theformeris alwayssmallerthanlatter Generatesultholds
whenC hasmorethanonecolumns(morethanoneactve

users)1].
C
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Figurel: lllustrationof thecovarianceof LS estimateusingtrue
andfull model.

Theincreasedarianceof LS estimateof assuminghe
full modelwill increasethe symboldetectionerror proba-
bility, which, in turn, degradethe paclet succesgprobabil-
ity (PSP).Notice PSPis alsoa function of channeltraffic
condition. Conceptuallyif on the averagethereis only a
small numberof usersbeingactive, thenthe advantageof
correctmodelingshouldbe more significantthanan over
loadedchannel. Assumea homogeneoughanneltraffic
with eachuserat ary slot transmittinga paclet with prob-
ability ¢, hencethe overall numberof paclets (or equiv-
alently numberof active users,denotedby L) perslotis
binomialwith succesgrobabilityq. We canobtainpaclet
errorrate(1— PS P) asafunctionof ¢ asshavnin Figure2.
The gainin termsof paclet errorrateis of several magni-
tudeoverthatof thefull model.Also plottedin dashedine
is the pacleterrorrateusinga matchedilter (MF) bankfor
all users Clearly, MF receveris arbitrarily closeto the DD
usingthetruemodelaschanneloadapproachegero.
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Figure2: Paclketerrorprobabilityasa functionof traffic loadgq
for thedecorrelatousingfull model(dash-dottedine), truemodel
(solid line), and simple matchedfilter bank (dashedine). The
totalnumberof potentialuserss 30 andthe correlationcoeficient
is assumedo be p = 0.2 for eachpair of signaturevectors.

3. TRAFFIC-AIDED MUD

3.1. Traffic modelingfor packet switching networks

The performancealegradationof a DD wheninactive users’
signaturevectorsareerroneouslyncludedprovokestheidea
of atwo stagerecever. In thefirst stage,the setof active
userds detectedvhile in thesecondstagea MUD is imple-
mentedby adaptingo the changeof userprofile. To facili-

tatethe useridentification,we first introducethe following

signalmodelasanalternatve to thatof (1).

M
yu() =D W (611" + za(2)
k=1

where, in the nth slot, fyﬁf) is the indicator function that
takesvaluel if the k** useris active and0 otherwise and
s = AmpE) Incorporatingthe indicator functionsin
the signal model provides a naturalframework to include
thetraffic informationwhichwill beinterpretedastheprob-
ability law thatdictateshebinary processyﬁbk) .

A first orderapproximatiorof the burstytraffic for indi-
vidual sourceis atwo stateMarkov chain[8]. This Marko-
vian assumptiorresultsin geometricaldistribution of both
themessagéength(numberof contiguougaclets)andidle
period lengths,which is consistentwith the bursty model
adoptedn [3]. Definel’,, = (fyr(ll),...,%(LM)) asthe state
variableof userprofile, i.e., thosecoordinateshatequalto
‘1’ in T',, indicatethatthe correspondingisersaretransmit-
ting atslotn. The combinedstatevariablel’,, is now also
a Markov sequencavith statedimensionalityequalto 2
whereM isthetotalnumberof potentialusers Its transition
matrix is simply the Kronecler productof all thetransition

matricesfor eachindividual 'y,(tk). In turn, our obsenation



is now a hiddenMarkov model(HMM).

ya(1) c® s (1) 2z, (1)

yné = Z . + :

yu(T) ] #E2E | 00 z,(T)

whereT is the paclet size. The detectionof active users
amountsto the inferenceof the underlyingstatel’,,. The
optimal state estimatormaximizesthe posteriorprobabil-
ity, P(Tp|yn,---,¥1), andthis could be evaluatedusing
theso-calledorwardvariable which admitsefficientrecur

sive computatior[6]. However, the statedimensionalityof

T, is 2M, meaningthereare total numberof 2 models
needgo beevaluateda usuallyformidabletaskin practice.

3.2. Traffic tracking

The prohibitive compleity of the optimal HMM tracker
motivatesalternatve (hencenon-optimaljapproachewhose
compleity grow linearly in the numberof users. The key
is the‘decoupling’of individual users statetracking,which
resultsn asuboptimabktructureshovnin Figure3(a). Specif-
ically, the receved signalis first mappedto a new statis-
tic 7()(-) which senes as approxinfg#iigedipeedméms
particularuserbeingactie given currentslot obsenations.
Then,the stateof the users previous slot is usedto jointly
decidewhetherthe useris transmittingat the currentslot.
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Figure3: (a)A suboptimakwo stageMUD implementation(b)
MF front end;(c) Projectionfront end.

DependingnthesummangstatisticT (%) (-), variousstruc-
turesof usertrackercouldbeformed.In [1], aMF frontend
is used,asshavn in Figure3(b). The key to this approach
is to approximatehe MAI of the MF outputwith Gaussian
noise.Notethatthisis nottrivial asthereceiverdonothave
knowledgeof theactive interferingusersatthe currentsiot.

Theapproachs again,to utilize the Markovian assumption
of thechannetlraffic andadoptthe so-calledpredictedvari-
ancefor the MF output. Specifically the outputvarianceof
the MF is approximatedis

T % 0

whereo? is the channelnoisevariance,¢?) is the state
transition probability from 1 to 0 for userj, while p(® is
the statetransitionprobability from 0 to 1 for usersi. The
above Gaussiarassumptioried to the developmentof the
uniformly mostpowerful invariant(UMPI) statisticfor test-
ing themeanvalue(zerovs. nonzero)f a Gaussiarvector
This statisticfollows centralor noncentrathi-squaradistri-
bution dependingon which hypothesiss true. The statistic
is thenfed to the stateestimatowhich alsoutilize the pre-
viousslot’s (estimated)stateto decidethe currentstatusof
theparticularuser

In this paperwe suggesadifferentfrond endwhichre-
quiresanadditionalassumptionall users’signaturevectors
arelinearly independentSpecifically a projectionoperator
is usedo mitigateall potentialusers’interferenceasshovn
in Figure3(c),whereP¢§, =I—C;(C},C;)~'Cj, andCy
containsspreadingvectorsof all users’spreadingvectors
sase ci. Theinput signalis thereforeprojectedonto the
orthogonalcomplemenbf the spacespannecoy all other
users’signaturesectors.Notethisfront operations equiva-
lentto adecorrelatomassumindull model,hencenevitably
enhanceghe noisevariance. The agumentis that at the
first stagethe taskis the useridentification,not symbolde-
tection, hencethe noise enhancementan be toleratedto
someextent. Theremainingpartis similar to the MF front
endimplementatioranda similar UMPI statisticcanbe de-
velopedastheinput to the stateestimator The difference,
however, is thatthe projectionand matchedilter outputis
preciselyGaussianhencethe input to the stateestimateis
now exactly calibrated.

Finally, in the absencef traffic information,the UMPI
statisticdevelopedin both casescould be useddirectly to
infer abouttheuserstatugcf. thedash-dottedurvesin Fig-
ures4 and5). Themamin betweensuchone-shotracking
andthe approachesising statecontinuity revealsthe gain
obtainedby usingthetraffic modeling.

4. SIMULATION

Packetsweregeneratedor atotal numberof 20 userswith
bothonandoff periodsbeinggeometricallydistributedwith
meanl0 and100 respectiely. Nearfar effect wasconsid-
eredby placingthe userpower evenly in thelog spacewith
power rangeof 20dB. The SNRshavn in the plot wasthat
for the userwith minimum power. Paclket lengthwas128



andthe errorcorrectioncodecancorrectup to 8 bit errors.
Thelengthof thespreadingodewas31.

Figure4 shaws the resultof usingMF front in thetraf-
fic tracking,we notethatthe one-shomatchedilter based
tracker doesnot perform much betterthanthe full model
DD. However, whenthetraffic predictabilitywasused,the
HMM basedwo stageMUD performsalmostaswell asthe
truemodel. This is becausehe inaccuray of the Gaussian
assumptiorior theMAI is well compensatedia theutiliza-
tion of thestatecontinuityimposedoy thetraffic burstiness.
Figure5 is the resultof usingprojectionfront end, andit
is obvious that the performancegain of usingtraffic is not
thatsignificant. Thusin the caseof well conditionedinput
signal,i.e., all c;’s arelinearly independentthe projection
front endwithoutusingtraffic modelingcouldtracktheuser
traffic quite accurately This linear independencassump-
tion however, putsrestrictionon theusernumberaswell as
the channelcondition. If the usernumberof usersexceeds
spreadinggain, or the channeldistortion causeghe corre-
lation matrix of ¢;’s to loserank, thenthe projectionfront
endwill fail, atleastfor thoseuseravhosesignaturevectors
lie in thespacespannedby otherusers’signaturesectors.A
moresimpleyetrobustmatchedilter front endis favoredin
thesescenarios.

10°

o o
o o

Packet Error Probability
o
5

,_.
°

10°

Figure4: SuboptimaHMM tracker usingMF front end.

Animportanimplementatiorissueis thecontrolof false
alarms(aninactive userbeingclaimedactive) andmissde-
tections(excluding an active user). A miss detectionwill
resulta surepaclet loss. Besidesthe interferenceof the
misseduseron the receptionof other active userswould
not be mitigatedat the secondstageMUD hencecould fur-
ther hinder the receptionperformance. Thus the penalty
imposedby the miss detectionis much more severe than
afalsealarm. This implies thatthe minimum error proba-
bility stateestimatemight notyield thebestperformanceén
termsof paclketreception A goodthresholdshouldbemore
stringentin controllingthe missdetection.

Finally weremarkherethattheMarkoviantraffic adopted
in thispapelis only afirst orderapproximatiorof thesource
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Figure5: SuboptimaHMM tracker usingprojectionfront end.

leveltraffic. Studyof currentpacletswitchingnetwork traf-
fic revealsthatthe paclet lengthaswell astheidle period
distribution is heavy tailed ratherthan geometrical which
directly contributesto the so-calledself-similarity of net-
work (aggreated)traffic. This heary-tailednesgesultsin
furtherenhancegredictabilityof theusertraffic atthesource
level. A more realistic model for suchtraffic would be
higher order Markov chain, thoughit will inevitably in-
creasdhecompleity of theuseridentificationprocedure.
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