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ABSTRACT

We introducebootstrappingas a genericmethodfor im-
proving channelequalizationin TDMA cellular systems
wherethe channelgemainapproximatelyconstantover a
transmittedburst. Bootstrappingmpliesthatthe detection
is repeatedusing an equalizertunedwith detectedsym-
bols. The procedurecan be iteratedto achieve even bet-
ter performance. The initial equalizeris assumedo be
tunedusing a shortknown training sequence.When ap-
plied to experimentaldatafrom a DCS-1800antennaar-
ray testbed,bootstrapequalizationyields a performance
improvementof 14 dB for a space-timemaximumlikeli-
hood sequencealetectorand 17 dB for a space-timede-
cision feedbackequalizerin an interferencelimited sce-
nario.

I. INTRODUCTION

In wirelesscellular telephonesystemsthe channelsoften
suffer from severeintersymbolndco-channeinterference.
In suchsystemsgoherentletectiorandequalizersarenec-
essaryto achieve satishictory performance.To designan
equalizeraccurateestimationof the multipathchannebnd
the noisespectrums vital. A trainingsequenceknown at
the recever, is typically usedto estimatetheseunknavn
parameters.

Theaccuray of the estimatess stronglydependentn
the length of the training sequence.n systemscurrently
in operation the lengthof the training sequencdasbeen
chosento give sufiiciently accuratechannelestimatedor
thedeployeddetectorstypically employing temporafilter-
ing. Novel detectorsperformingspace-timdiltering onthe
outputof anantennarraycanhowevergainfromincreased
accurag of thechannebndnoisespectrunestimatesThis
is dueto thefactthatthesedetectordhave moredegreesof
freedomin theirfiltering. Hence the performancef these
algorithmscanbeconsiderablymprovedby usingalonger
trainingsequencél, 2].

However, alongertrainingsequencéeadso lowerspec-
tral efficiency, sincetheportionof thetransmittedsequence
which can be usedto communicateunknovn datais re-
duced. Also, new detectorsmay be desirablein present
standardswherethelengthof training sequenceannotbe
altered.

Onepossibilityto increaséheaccuray of the channel
estimatesvould beto usedecision-diectedearning[3] to
updatehechannelecursvely, usingconsecutie decisions
from the detector However, this would not improve the
guality of theinitial decisions.

Insteadwe proposdo designanequalizetbasednthe
training sequenceWe would thenusethis equalizetto de-
tectall the transmittedsymbols. Thesedetectedsymbols
canthenbe usedto repeatthe channelestimationandre-
designtheequalizetbasednthe estimate®btainedn this
secondstep. Hopefully, the tuning of the equalizerbased
on all the estimatedsymbolswill be more accuratethan
the tuning basedonly on the training sequenceresulting
in lower bit errorratein the secondstagethanin thefirst.
If desired,this procedurecan be repeatedo further im-
prove the performance.Suchiterative bootstappingwas
appliedin [4], whereit waspresentecésanintegral partof
a specificnovel detector However, bootstrappindeadsto
substantiaperformanceémprovementsor otherdetectors
aswell. In this paperwe will investigatebootstrapequal-
izationin conjunctionwith space-timeversionsof

¢ MaximumLikelihoodSequencé&stimation(MLSE)
implementedy meanf the Viterbi algorithm.

e TheDecisionFeedbaclEqualizer(DFE).

Both detectordhave beenappliedto experimentadatacol-
lectedatanantennarraytestbedwhich complieswith the
air interfacestandardf DCS-1800.

. CHANNEL MODEL

Throughouthe paperwe will considerdiscretetime chan-
nelmodelsanddetectorsA discretetimefilter will berep-
resentechsa polynomialin the unit delayoperatorg—', as
exemplifiedbelow:

(k) = A(g™")u(k)
= (Ao + A1g™ "+ + Anag™ ™) u(k)
= Aou(k) + Aju(k — 1) + - - + Apgu(k — na) .
Filterswill alsobeallowedto have termswith powersof ¢,
theadvanceoperator
Multiple-input-single-outpufMISO) filterswill berep-
resentedaspolynomialrow vectors,whereassingle-input-
multiple-output(SIMO) filterswill berepresentedspoly-

nomial column vectors. Further the comple conjugate
transposef apolynomialfilter is definedas

(Ag™)T 2 AT (q) = A + Affq + - + Al g
Notethatthisfilter is non-causal

A. A geneal singleinput-multipleoutputmodel

We considera casewherethereis onetransmitterand M
receverantennasThetransmittedsymbold(k) propagates



throughthe discrete-timechannelB;(¢g~!) to recever an-
tennai. Thesignalrecevedatantennd atthediscreteime
instantk is denotedz; (k) andcanbeexpresseas
zi(k) = Bi(q~")d(k) + vi(k)
= (BY +--- 4+ BFig7Li)d(k) + vi(k)

Thetermu; (k) correspondso noiseandinterferenceThe
situationis depictedn Figurel.
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Figurel: The generalSIMO channelmodel. The signals
v;(k) represenhoiseandco-channeinterference.

To obtain a single-input-multiple-outpu¢SIMO) mo-
del,weintroducethevectors

a(k) 2 (21(k)  w2(k) au(®)” (12)
(k) = (vi (k) va(k) wm(k)" . (1b)

The wide sensestationaryvector of interferencesamples
v(k) canbebothspatiallyandtemporallycoloredandhas
the matrix-valuedcovariancefunction

Dm 2 Elo(k)o™ (m)] . )

The vectorof sampledantennaoutputsz(k) cannow be
expresseds

Bi(g ")

(k) = d(k) + v(k)

Bu(g™)
= B(gV)d(k) + v(k)

=Bod(k) +---+Brd(k— L) +v(k) (3)
wherewe have definedthe SIMO impulseresponse

Bi(q ")
B¢ = : (4)
Bu(g™")

with individual matrix coeficients

By
(5)

In(3), L 2 max; L; representthemaximumdelayspread
overall subchannels.

[ll. DESCRIPTION OF THE DETECTORS

A. Thespatio-tempaal MLSE

The methodof maximumlik elihood sequencesstimation
searchegor the transmittedsymbolsequencdd(k)} that
maximizeghe conditionalprobability of therecevedsam-
ples{z(k)} giventhe transmittedsignal {d(k)}. Let us
assumehatwv (k) canbe modeledastemporallywhite but
spatiallycoloredGaussiamoise. Thenthe maximumlik e-
lihood estimateof the sequencés the sequencéhat maxi-
mizes

P ({2(k)}3, HA)HL, ) o
N
exp (= Y la(k) - B(g )d(R)]
k=1
(6)
R;o(k) = Blg™)d(k)]) ,

where B(g ') is the channeldefinedin (4) andR,, =
1o is the spatialcovariancefor the noiseplusinterference,
definedin (2).
Maximizing (6) is equivalentto minimizing the log-
likelihoodfunction
N
> la(k) — B(g™Y)d(k)] "Ry, [z (k) — B(g~")d(k)] (7)
k=1
Direct minimizationof (7) is possibleusingthe Viterbi al-
gorithm. However, by rewriting (7), the compleity canbe
reducedvithout sacrificingperformance.
Neglectingboundaryeffects,minimizingthelog-likeli-
hoodmetric(7) is equivalent[2] to maximizingthematd-
ed-filtermetric

N
paer 2Re{zzﬂ<n>d<n)}

n=1

NN (8)
- Z z d*(n)Yn-—md(m) ,
n=1m=1
wherethescalarsignalz (k) is definedby
2(k) 2 W(q)a(k) . (©)

The multi-dimensionamatdedfilter (MMF) W (q) is de-
finedby
A —
W(q) = B (9)R,, - (10)
In (8), the coeficients~y, arethe coeficientsof the com-
plex conjugatesymmetricdoublesidedmetric polynomial

1y A _ _
T(¢,¢7") = B"(9R,, B¢ ") (11)
:'7_LqL+--.+ryO+...+rqu_L

wherey_,, = ~;,. Themetric(8) canberecursiely com-
putedas
pnrr (k) =pnrr(k — 1) + Re{d*(k) [22(k)

L (12)
—0d(K) =2 > ymd(k —m)] }
m=1



andthemaximizationcanthusbeperformedusingtheViterbi
algorithm.Note thatthememorylengthin the matchedil-
termetric(12) is thesameasfor thechannelB(¢—!) . The
Viterbi algorithm basedon the matchedfilter metric will
thus have the samenumberof statesas the Viterbi algo-
rithm basedn thelog-likelihoodmetric (7).

Thespatio-temporalILSE cannow bedividedinto the
MMF, W (q), followedby a scalarViterbi algorithmusing
the metric definedby the polynomial,T'(g,¢~!), seeFig-
ure 2. Notethatthe MMF W (q) is non-causal.ln areal
implementationa sufiiciently large delay hasto be intro-
duced.
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d(k)+{ B(g ™) *é)f@ Wi(g) |

Figure2: Spatio-temporaMLSE with multi-dimensional
matchedilter.

Scalar =
Viterbi [~ {d(k)}

B. Thespatio-tempcal DFE

We shallusea spatio-temporaDFE with trans\ersalfeed-
forwardandfeedbacKilters asdepictedn Figure3.
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Figure3: Thestructureof the space-timeéFE.

Therecevved signalsamplese(k) arefiltered through
thefeedforwad filter S(¢=') = So+S1¢~ ' +---+Seq~*
andpreviously detectedsymbolsd(k — ¢ — 1) arefiltered
throughthefeedbak filter Q(¢7!) = Qo + Q17> +---+
Qr_1q~F*! toform anestimateof thetransmittedsymbol
d(k — ¢). Thefeedforwardfilter hasM inputsandasingle
output,whereaghefeedbacKilter is a single-input-single-
outputfilter. The DFE thusformsthedecisionvariable

d(k—€) = S(g "z(k) = Qg Nd(k—£-1) (13)
whichis usedasinputto thedecisiordevicef (-) to produce
ahardestimatei(k—¢) of thetransmittecsymbold(k—¢).*
Theorderof thefeedforwardfilter equalghedecisiordelay
£, whereaghe order of the feedbackfilter shouldbe one
lessthanthe extentof theintersymbolinterferencel — 1.

To make derivationof optimalequalizercoeficientsfea-
siblewe shalladoptthe usualassumptiorthatall previous
decisionsaffectingthecurrentsymbolestimatearecorrect
iedk—t—n)=dk—C0—-n),n=1,... L.

We will usea minimum meansquareerror decision
feedbackequalizer The coeficientsof suchan equalizer

1Thesoftestimatei(k — £) canbeusedo decodehechannetode.A
decisionfeedbaclequalizethusprovidessoftinformationto thechannel
decodemithoutary additionalcompleity.

aretunedto minimize
J=E[dk—0) —dk-0)?]. (14)

To computehecoeficientsof theMMSE optimalmulti-
input-single-outputiecisiorfeedbaclequalizerwewill use
estimatef the channelcoeficients,the noisecovariance
functionandthefollowing theorem.

Theorem1 Considerthe spatio-tempaal DFE described
by equation(13), the channelmodel(4) andthe noisede-
scription (2). Assumethe signal d(k) is white with unit
varianceanduncorrelatedwith the noisev(m) ¥ m. If all
pastdecisionsare correct, the matrix polynomialsS(g—1)
and Q(¢~!) of orders £ and L — 1 respectivelyminimiz-
ing (14), are obtainedasfollows:

1. Solvethesystenof linear equations

St B,
BBT+w) | 1 =] (15)
SH By
whee
B, ... By Yo ... Uy
B=|: -~ ) ¥=|:
0 ... Bg Yo .. o

with respecto the matrix coeficientsSZ.

2. Calculatethe coeficientsof the feedbak filter ac-
cordingto

min(¢,L—n—1)

Q= D

=0

Se-iBitny1 - (16)

Proof: Seeg[5, 6]. ]

Remark. An optimally tunedDFE exploits thefull spatio-
temporalcovariancefunctionof thenoiseyy £ =0, ..., ~.

However, the matrix valuedinterferencespectrumcannot
bereliablyestimatedvith ashorttrainingsequenceThere-
fore, we are forced to use only the spatial color of the
noise.[1]

IV. THE BOOTSTRAP IDEA

Let usassumehatwe have designedinequalizewsingthe
trainingsequencelf we wantto improvethisinitial equal-
izer, we couldusedecision-directetkarning[3]. Sincewe
aredesigningthe detectorbasedon a channelmodel, this
would imply thatwe updatethe channekecursvely, using
consecutie decisionsfrom the detector As the decision
from the detectorarenot necessarilgorrect the estimated
channelcoeficientswill not minimizethe outputMSE. In
the spirit of [7], we would saythatthe estimatedchannel
coeficientsminimizetheoutputbootstapmean-squager-
ror (BMSE)



Definition 1 Theoutputbootstapmean-squarerror is de-
finedby

Jewse= B || y(k) - Blg™)d(k) |” (17)
whee d(k) is the outputof the detector

Whendecisiondirectedlearningis usedto adaptthe chan-
nel coeficients, (17) is minimized recursvely using e.g.
LMS or RLS. The currentchannelestimateis usedto re-
tune the detector which outputsa new symbol decision,
whichis usedto updatethe channekoeficientsandsoon.
However, this would not improve the estimateof the first
symbolsin the burst,sincethesearedetectedisingtheini-
tial equalizer

Insteadwe proposdo minimizetheoutputBMSE with
iterative block processing.We would then usethe initial
equalizerto detectthe entire symbol sequenceand then
minimize(17)with respecto thechannektoeficientswhile
keepingthesymboldecisiondixed If theinitial errorrateis
sufficiently low thesenew estimateswill provide betterac-
curag andleadto a detectorwith improved performance.
If desiredtheestimatioranddetectioncanbeiterated.

V. EXPERIMENTS ON MEASURED DATA

To investigatethe potentialbenefitsof usingthe bootstrap
algorithmoutlinedin SectionlV, we appliedthe methods
describedn Sectionlll to asetof uplink measurements.

A. Themeasuements

The measurementw/ere performedon an antennaarray
testbedconstructedby EricssonRadio SystemsAB and
EricssonMicrowave SystemsAB [8]. Thetestbedmple-
mentedtheair interfaceof a DCS-1800basestation.

The array had eight antennaoutputs. A corventional
singlesectorantennawith two polarizationdiversity bran-
cheswasalsoincludedin the measuremengetupfor two
reasonsTo facilitatecomparisorandto estimatehetrans-
mitted signalpower.

The measurementsere performedn downtown Dis-
seldorf,Germauy.

In themeasurementnemobileandoneinterferemwere
used.Thetransmitpowersof the mobileandtheinterferer
were adjustedso that the performanceof the algorithms
would belimited by theinterferenceandnot by thenoise.

The performanceof the algorithmswill dependon the
averagecarrier-to-interfeenceratio C/I. To estimatethis
guantity we measuredherecevedpower atthe sectoran-
tennal) whenthe mobilewasactive but the interfererwas
not and 2) whenthe interfererwas active but the mobile
wasnot. Theratio betweerthesetwo measuremerdonsti-
tutesthe C/I for this frame. This ratio was averagedover
a sggmentof 100 frames. Dueto the shadev fading, this
averagewill vary betweensggments,andthe performance
of thealgorithmscanbe addressedsa functionof the av-
erageC/l.

The algorithmsdescribedn Sectionlll were applied
to the datarecordedat the arrayantennaandat the single
sectorantennavhenbothmobileandinterfererweretrans-

mitting.

B. Channelestimation

Both the spatio-temporaMLSE and the spatio-temporal
DFE requirethe estimationof the multipath channeland
the spatialcovarianceof the noise.We estimatedhe chan-
nel using the off-line leastsquaresmethod? The noise
covariancematrix wascomputedrom the residualsof the
channeldentification.Theidentifiedchannehadfive taps.

C. Results

C-1. Thearray antenna

We applied bootstrappedrersionsof the MLSE and the
DFE to the experimentaldatafrom the arrayantennaThe
resultsareshavn in Figure4.
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Figure4: Resultsfrom the array antenna.Stagel refers

to the equalizerdesignedusing the training sequence,
whereasstage? refersto the equalizerdesignedusingthe

detectiondrom stagel.

From Figure 4, we seethat it indeedpaysto usethe
detectedsymbolsto improve theestimationof channelnd
noisespectrumespeciallyfor highC/I: at5 dB, thesecond
passs 14 dB betterthanthefirst passor theMLSE and17
dB for the DFE!

C-2. Thesectorantenna

We also appliedbootstrappedersionsof the MLSE and
the DFE to the experimentaldatafrom the sectorantenna.
Theresultsareshonvnin Figure5.

If we compareFigure5 with Figure4, we seethatthe
gainfor thesectorantennas muchsmaller Theantennar-
ray introducesextra degreesof freedom,makingpowerful
space-timgorocessingpossible. However, to make useof
theseaxtradegreeof freedommoreaccurateestimatiorof
thechannelndnoisespectrunmis vital. For thetwo-branch
diversity antennathe performanceof the space-timepro-
cessingis not limited by the accurag of the channeland
noise spectrumestimatesand bootstrappingloesnot re-
ducetheBER.

20ther channelestimationalgorithmsmay yield betterperformance,
seee.g.[9, 10]



10°
(S - =
-1 Se-- s 4
= 0 %,
m N
Z -2
=10 DFE stage 1 S S
---o-- DFE stage 2 BN
—+—— MLSE stage 1 N
-+ -+-- MLSE stage 2 \\\\\
1073 1 1 1 I I !
-25 -20 -15 -10 -5 0 5

Average C/I (dB)
Figure5: Resultsfrom the sectorantenna.Stagel refers
to the equalizerdesignedusing the training sequence,
whereasstage? refersto the equalizerdesignedisingthe
detectiondrom stagel.

VI. DISCUSSION

In this paper we have demonstratethe ideaof bootstrap
equalizationfor systemswith time-invariantchanneland
noisestatistics We arguethatthe performancef detectors
usingantennaarraysis in factlimited by the accurag of
the estimatef channeland noise statistics,and that the
performanceof suchdetectorscan be improved by using
detectedsymbolsto improve the requiredestimates.Sub-
sequentlywe usethesenew estimateso retunethedetector
andrepeathe detection.Hopefully, the errorratefrom the
secondstagewill belowerthantheerrorrateresultingfrom
the detectottunedusingonly thetrainingsequence.

Whenintroducingbootstrapequalizatiorinto a system
it mayalsobe possibleto reducethe lengthof thetraining
sequenceBootstrappingcanthenbe usedto make up for
the shortertraining sequencetherebyincreasinghe spec-
tral efficiengy. Also, with acces$o anestimateof theentire
transmittedsequencedt maybepossiblgo rejectstrongin-
terferersappearingutsidethe trainingsequence.

We have evaluatedbootstrappedersionsof MLSE and
DFE on a setof experimentaldata. The resultsshow that
the performances substantiallyimprovedwhenappliedto
measurementsom anarrayantennéhaving eightoutputs.
However, whenappliedto atwo-branchdiversitysectoran-
tennathe performanceés only mawginally improved.
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