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ABSTRACT

ThisarticleinvestigateschannelestimationprobleminmassiveMIMOpartiallycentralizedcloud-RAN
(MPC-RAN).Thechannelestimationwasrealizedthroughcompresseddatamethodtominimizethe
hugepilotoverhead,thencombinedwithparallelGivensdataprojectionmethod(PGDPM)toforma
semi-blindestimator.Comparisonandanalysisofimprovedminimummeansquareerror(MMSE),
fastdataprojectionmethod(FDPM),compresseddata,andPGDPMtechniqueswasevaluatedfor
achievablenormalizedmeansquareerror(NMSE)inMPC-RAN.ThePGDPM-basedestimatorhad
thelowestnormalizedmeansquareerror.TheFDPMandPGDPMbasedmethodsarecomparable
inperformancewithPGDPMbasedestimatorhavingaslightedgeoverFDPM-basedestimator.This
vindicatesPGDPM-basedestimatorasamethodtobeutilizedinchannelestimationsinceitcompresses
themassiveMIMOchannelinformation,hencemitigatingthefronthaulfinitecapacityproblem,and
atthesametime,itisgearedtowardsefficientparallelizationforoptimalBBUresourceutilization.
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INTROdUCTION

Foracoupleofdecades,optimaluseoftherestrictedamountofaccessiblespectrumtoconsiderthe
exponentiallyincreasinginterestinthroughputhasbeenthefocalpointofcommunicationsystems
andsignalprocessing.Thesporadicriseintechnologyhas,throughtheuseofsensors,galvanizedthe
oncepredominantlyofflineappliancesanddevicesintodatagenerationpointsandthuspushedthe
demandforhigherthroughput(Achlioptas,Karnin,&Liberty,2013;Balandin,Korzun,Kashevnik,
Smirnov,&Gurtov,2017;Mukubwa&Sokoya,2020a).Theexistingfifthgeneration(5G)andfuture
communicationsystemsarebeingupgradedtoaccountforthisaswellastraditionalmobiledevices.

Theprimaryenablingtechnologiesfor5GnetworkshavebeendescribedastheCloud-Radio
AccessNetwork(C-RAN)andthemassiveMultiple-InputMultiple-Output(MIMO),astheypromise
tominimizeoperationalcostsandboostperformance.WhenusingmassiveMIMOinremoteradio
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heads(RRH),front-haulbecomesthelimitingfactorduetoitsinherentfinitecapacity(Francis&
Fettweis,2018).Oneoftheanticipatedfronthaulfinitecapacitysolutionsistobreakfunctionssuch
thatsomeareperformedattheRRHandothersatthebasebandunit(BBU).Takingthissuggested
architectureintoaccount,theRRHistaskedwithperformingbasicfunctionssuchasbeamforming
andtheBBUislefttoperformdigitalfunctionslikechannelestimation.Thisthenmakesfronthaul
trafficlargelydependentonuserterminals(UT)dataratesandnotonantennanumbers(Francis&
Fettweis,2019;J.Park,Kim,Carvalho,&Manch,2017).ThisresultsinmassiveMIMOpartially
centralizedcloud-radioaccess(MPC-RAN)network(S.Park,Lee,Chae,&Bahk,2017).

WhenpairedwithdistributedcooperationforthecasewhereRRHsareinterconnected,partial
centralizationsignificantlymitigatescapacityconstraintandtimelatencyonthefronthaulofMPC-
RANs.Thecommonnotionisthereforetoconfigurethetopologytobeadaptiveinsuchawayasto
strikeacommonbalancebetweentheconstraintsofthefronthaulandthecomplexityofdistributed
cooperativeprocessing(Peng,Wang,Lau,&Poor,2015).TheBBU‘scooperativeprocessingis
intendedtosuppressinter-RRHinterferencethroughtheuseofthechannelstateinformation(CSI)
fromboththeRRHsandthewirelessfronthaul(S.H.Park,Simeone,Sahin,&Shamai,2014).

Related work
Animprovedminimummeansquareerror(MMSE)channelestimatorcombinedwithasub-space
trackingalgorithm(Fastsdataprojectionmethod(FDPM))ispresentedin(Mukubwa&Sokoya,
2020b)toconstructasemi-blindchannelestimatorforamassiveMIMOduplextimedivision(TDD)
networkwithpilotcontamination.Theauthorsreplacethematrixinversionwithmatrixmultiplication
andadditionintheMMSEchannelestimator,andlatercombineitwithasub-spacetrackingalgorithm
tocreateasemi-blindchannelestimator.

EstimatingthechannelsbyusingcompressivesensingtechniquesinC-RANisexploredin(Xu,
Rao,&Lau,2015).Anovelalgorithmtominimizeoverheadinuplinktrainingthroughcompressive
sensing is formulated. To realize this, the authors transform channel estimation problem into
compressivesensingproblem.ThenmodifytheBayesiancompressivesensingalgorithmtofacilitate
C-RANchannelestimationcapitalizingonsparsityofactiveuser,inherentvariedeffectsduepath
lossandcombinedsparsitystructurespresentinuplinkC-RANnetworkwithmulti-antennas.

Compressivechannelestimationwithlow-complexitymethodsisdemonstratedin(He,Quek,
Chen,Zhang,&Li,2018).Theworkemployscompressedsensingleveragingonuseractivitysparsity
withintheC-RANtoperformchannelestimationwithminimizedpilotoverhead.Theaccuracyof
channelestimationisfurtherimprovedthroughastrategythatisiterativelyre-weightedwithguidelines
availedtoassistinchoiceofparametersfortuning.Theprocessisoptimizedbyuseofthreelow-
complexitytechniquestoofferdifferentiatedservicesundercomputingsetupsthataredistinct.

In(He,Quek,Chen,&Li,2017)apenaltyfunctionalisformulatedtosolvethechannelestimation
probleminC-RAN.Analgorithmthat isefficientwithguaranteedconvergence is formulated to
hastenprocessingprocedure.Thisalgorithmreliesonalternatingdirectiontechniqueofmultipliers
andatechniquethatentailsvariablesplitting.

In (Mukubwa&Sokoya,2020a) theauthorspresentchannelestimationprobleminmassive
MIMOpartiallycentralizedcloud-RAN.BynotingthattheuseractivitiesinmassiveMIMOpartially
centralizedcloud-RANaresparse,thechannelestimationissueissolvedbyuseofcompresseddata
methodtominimizethehugepilotoverhead.Theauthorsusecompressedchannelstateinformation
(CSI)toapproximatethecovariancematrixforMPC-RANsystemfollowingthemethodin(Chen,
Lyu,&King,2017).Thenapproximationofthecovariancematrixusescompresseddatabasedona
weightedsamplingstructure.Thisstrategyisdataawarewithmostsignificantentriesbeingexplored
allowingforgoodapproximationaccuracywithfewerentries.

In this paper, the authors model a sub-space channel estimation technique that is highly
parallelizabletobeimplementedattheBBUforchannelestimation.ThencombinetheCompressed
datamethodin(Mukubwa&Sokoya,2020a)withtheSub-spacemodeltocreateasemi-blindchannel
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estimationtechniquethathasbothcompresseduplinkpilotdataandhighlyparallelizabletoexploit
themulticoreresourcesattheBBU.Thenthevalidationofthemethodisdoneonsimulateddatain
comparisonwiththeconventionalmethods.

Themaincontributionofthisworkentails:

• The improvement on the Givens rotation and formulation of an algorithm that is highly
parallelizabletoexploitmulticorescenarios.

• Thealgorithmcreatediscombinedwiththedatacompressiontechniqueformulatedin(Mukubwa
&Sokoya,2020a)torealizeasemi-blindchannelestimator.

• Theauthorsavoidthepilotoverheadbyrelyingoninitialchannelstateinformationtorealize
channelestimationprocess.

Organization
Theremainderofthispaperisdividedintosevensections:First,theauthorsintroducethesystem
modeladoptedforthisworktobecarriedout.ThendiscussestheimprovedMMSEchannelestimator
followedbyasemi-blindchannelestimatorbasedonFDPM,afterwhich theauthors lookat the
estimatorforthecompresseddatachannelandthenthesemi-blindchannelestimatorbasedonGDPM.
Thenumericalfindingsandanalysisaresubsequentlyprovidedtodemonstratehowwellthemodelled
estimatorsofchannelsworkagainstoneanother.Thenfinishoffbypresentingtheconclusion.

Notation:lower-caseandupper-caseboldfacelettersdenotevectorsandmatrices,respectively;
(·) T, (·) H, (·) −1,and tr(·)denote the transpose,conjugate transpose,matrix inversion,and trace,

respectively; denotesthesetofcomplexnumbers,INistheN×Nidentitymatrix.Welet X
t t

K{ }
=1



torepresent X X X
K1 2

, , ,…{ } ,whichisasetofmatricesand x
ji t,

tostandforthe(j, i)thelementof
X
t

. And then X
2

 and X
F

 represents the Spectral and Frobenius norms respectively.
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j

q
q
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1/

,whereq ≥ 1 standsforthel
q

normofX   M .Theauthorsalsotake x( ) 
torepresentasquarediagonalmatrixwiththemaindiagonalhavingtheelementsofX . X( ) isa
squarediagonalmatrixwithitsmaindiagonalhavingonlythediagonalelementsof X .

SySTEM MOdEL

TheauthorspresumeanMPC-RANsystemwithLRRHs,eachofwhichhasMtransmittingantennas
andKuserterminals(UTs)havingsingleantenna.Thenproposethatthetimedivisionduplex(TDD)
protocolsarecoordinatedthroughRRHstorelaypilotsignalsanddatatoallRRHssimultaneously.
InitiallytransmittedbyUTsin� thRRH,thepilotsareidenticalandgivenbyψ ϕ ϕ ϕ

K j
T

j
T

j K
T= 

, , ,

, ,...,
1 2



whereϕ
j k,

correspondstothepilotusedbyeverykthuserterminal(UT)ineachRRHandϕ
j k,

2 1= .
ThenachannelfromthekthUTwithinthejthRRHisgivenas h

j k
M

,
 .Thechannelvectorsare

believedtofadeandaremodelledas:

h C R
j k j k, ,

~ , 0( )  (1)

whereR
j k,

representsthematrixofcovariancescorrespondingtothekthUTfromthejthRRH.The
authorsfurtherassumeRayleighfadingwithnoUTscorrelation,withR I

j k j k M, ,
= β .Itissuggested

from(Viering,Hofstetter,&Utschick,2002)thatR
j k,

willvaryslowlyovertime,comparedtoh
j k� ,

.
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ForthisworktheauthorsassumethatR
j k,

isconstantacrossthetransmissionbandwidthandchanges
graduallyovertime.Therefore,thetrainingsequencesreceivedY

j
M arecalculatedas:

Y H Z
j j k k j
= +

,
ψ  (2)

wheretheAWGNnoisematrixisrepresentedbyZ
j

M andψ
k

K isthepilotmatrixrepresenting
totaltransmittedsequencesbyKUTs.

IMPROVEd MMSE CHANNEL ESTIMATION

The MMSE approximation still requires matrix inversion and so it is substituted with the rapid
numericalalgorithm(RNA)method.RNA-basedapproximationcompletelyside-stepstheinversion
ofthematrixandinsteadmakesuseofmultiplicationandaddition(Mukubwa&Sokoya,2020b).

ThentheSchulziterativemethodisevokedforinvertingamatrixasper(Ben-Israel,1965;Li,
Huang,Zhang,Liu,&Gu,2011).Itisthencombinedwiththeapproximationin(Isaacson&Keller,
1994)torealizetheinversionprocessinMMSEwithadditionandmultiplicationofmatricesasper
(Mukubwa,Sokoya,&Ilcev,2017)whichallowstheiterativeprocesstobeefficientlyparallel.And
thechannelapproximatesas:

ˆ
, , , ,
h R y
j k
RNA

j k j k
RNA

j k
p= ( )−φ

1
 (3)

FdPM-BASEd SEMI-BLINd MOdEL FOR CHANNEL ESTIMATION

Itwaspointedoutin(Mukubwa&Sokoya,2020b)thatlinearestimatorsofchannelsliketheMMSE
anditsgenericsrelyonpilotsequencestoestimatechannels.Consequently,manyUTsrepeatedly
usepilottrainingsequenceswhichleadtopilotcontaminationwhichdegradestheefficiencyofthe
wirelessnetwork.ThisiscompoundedforthemassiveMIMOscenarioandthustheneedtoestablish
approximationmethodswithpreciseCSIestimationbasedonareducednumberofpilotscompared
totraditionalchannelestimationmethods.Therefore,approximationmethodsforsemi-blindchannels
havebeenfoundtobeeffectiveinminimizingpilot(QuocNgo&Larsson,2012).Thesemi-blind
estimators are based on EVD algorithms with fewer pilots needed for estimating the channels.
AsymptoticorthogonalityofUTscanbeusedasanalternativetosolvetheuncertaintymatrixby
evokingthelargenumberstheorem.ThisisachievedusingSVDform.SVD-basedapproximation
usuallyhasabetterestimatecomparedtoEVD-basedapproximation(Hu,Lv,&Lu,2013),while
bothapproachesexhibit M 3( ) complexityincalculationrelativetothesignaldimensionsobtained.
ItmakessuchschemesuntenableinlargeMIMOnetworkswherethereisasignificantnumberof
BSantennas.

Subspacetrackingalgorithmhasbeensuggestedtoreducethecomplexity.Thefastdataprojection
method(FDPM)wasproposed(Doukopoulos,Moustakides,&Member,2008),whichsimplifiesthe
processofiteratingthematrixofcorrelationwithaviewtodeterminingthematrixofuncertainty.It
gives MK( )  less complexity with better tracking outcomes. To realize a semi-blind channel
estimatorin(Mukubwa&Sokoya,2020b)theycombinetheimprovedMMSEchannelestimatorand
theFDPMsub-spacetracking.TheinitialchannelestimationbyimprovedMMSEisfedintothe
FDPMtoreducethepilotsrequiredforchannelestimation.Fromwhichtheshorttrainingsequence
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in(2)isutilizedtorealizetheambiguitymatrixwhichiscomputedasperthealgorithmlistedbelow
inTable1.

ThesignalsubspaceW n M K( ) ×  �C ,correspondingtothenthsampleistrackedasinTable1
above, µ β= −1 ,where 0 1< <β istheforgettingfactorcontrollingtheeffectoftheolddata.
N
data

denotes thedurationofsignals transmittedwithout thepilots.Theapproximateambiguity
matrix,U

s
isobtainedfromthetrackedW N

data( ) andexpressedas:

U W N
s data
= ( )  (4)

Thentheapproximatechannelmatrixisdeterminedas:

ˆ ˆH W N W N HFDPM
data data

H
RNA= ( ) ( )( )  (5)

ThisgivesrisetoFDPMbasedsemi-blindestimatorwhichisbasicallyreferredtoasFDPM
estimatorinthiswork.

COMPRESSEd dATA CHANNEL ESTIMATION

Accordingto(Mukubwa&Sokoya,2020a)theestimationofthecovariancematricesreliesonpilot
samplesarrivingattheRRH.Theyinvestigatetheapproximationoftheneededcovarianceinformation
bytheBBUandtheimpactoftheseestimates.Theprocedureisrepeatedhereforconvenience.The
channelestimatedbyMMSEiscomputedas:

ˆ
, , , ,
h R y
j k
MMSE

j k j k j k
p= −φ 1  (6)

Table 1. FDPM subspace tracking algorithm

for

n N
data

= …1 2, , ,

r n W n y nH( ) = −( ) ( )�
1

T n W n
y n

y n r nH( ) = −( )±
( )

( ) ( )1
2

µ
*

a n r n r n
T( ) = ( )− ( ) …

10 0�

Z n T n
a n

T n a n a nH( ) = ( )−
( )

( ) ( )



 ( )2

2
* *

W n normalise Z n( ) = ( ){ }
end
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Thecomputationof theMMSEapproximationof h
j k,

 at the jthRRH from (6) requires the

knowledgeofR h h
j k j k j k

H
, , ,
= 



 andφ

j k j k
p

j k
p
H

y y
, , ,
= ( )











 .BearinginmindthattheseareM M× 

(quite large)matrices, theyassumeregularizationof theestimatesasper (Ledoit&Wolf,2004;
Shariati,Bjornson,Bengtsson,&Debbah,2014).

Since the use of MPC-RAN results in high-dimensional data, the authors hinted at huge
communicationandstorageresourcestocomputethesecovariancematrices.Thenthisunderlined
theneedforenormousbandwidthandpowerresourcesaccordingto(Chenetal.,2017)totransmit
theCSIdatafromRRHstoBBU.Tomitigatethisissue,apartialcentralizationofC-RANsystem
withinterconnectedandcooperativemassiveMIMORRHs(MPC-RAN)wasproposedinaccordance
with(Pengetal.,2015).ThisrenderedthefronthaultrafficlargelydependentonUTdatalevelsand
notonthenumberofantennas.Compresseddatawasutilizedtocalculatethematrixofcovariance
throughthevia-Qmethodin(Bjornsonetal.,2016).

Weightedsamplingmatrices S
j k k

K
M Z

,{ } ∈
=

×

1
� areusedindatacompressionbyS y

j k
T

j k

Sample

, ,

( ) and

thedataisprojectedbackintooriginalspaceby S S y
j k j k

T
j k

Sample

, , ,

( ) .Thederiveddataisthenusedin
covariancematrixapproximation.AtleastM-Zelementsareexcludedfromthekthvectorbythe
weightedsamplingmatrixS

j k,
,theremainingonesaremaintainedastheymaybemostinformative.

Ifthesamplingprobabilitiesarecarefullyconstructed,theunbiasedestimator ˆ
,
φ
j k

willaccurately
performinrelationtothematrixspectralnorm ˆ

, ,
φ φ
j k j k
−

2
(Achlioptasetal.,2013;Gittens,2011;

Pourkamali-Anaraki,2016).
Theweightedsamplingevokedisstrongenoughtoexplorethemostappropriateentriestoreduce

theestimationerror ˆ
, ,
φ φ
j k j k
−

2
.Theybeganbysettingthenecessaryvariablesandthencontinuing

withtheapproximationprocess.
Itisagreedthaty

j k

Sample M K
,

( ) × andtheysetα 0 1,

 astheirregularizingfactor.Theinformation

receivedfromtheuplinkisthencompressedwith l M= …



1 2, , , asfollows:
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Tocompressthismatrix,insteadofalltheMrows,theysampleZrowsofy
j k
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,

( ) insteadofall
theMrows.Thenassume z Z∈ 
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andlet:

x y
j l k j t k

Sample

z k, , , ,,
= ( )  (10)

ThecompresseddataX ,theindicesusedforsamplingT V W and, ,   α arethentransmitted
fromtheRRHtotheBBUandusedasfollowstoconstructtheunbiasedcovariancematrixestimator
fromthecompresseddata:

p
x

v

x

j t k

j z k

Sample

j k

j z k

Sample

j k
z k, ,

, ,

,

, ,

,
,
= + −( )

( )( ) ( )

α α
ω

1

2

 (11)

and:

s
Zp

j t k

j t k
z k

z k

, ,

, ,
,

,

=
1  (12)

Because of imperfection in the knowledge of matrix correlation, they conducted robust
approximationbyexperimentaloptimizationoftheparameterα .Withadvancesincomputing,itis
possibletomanipulatevectorswithlengthΟ M( )  inthememory.Thus,compressionofdataby
weightedsamplingwillrequireasinglepassfromtheRRHtotheBBUwhenmovingdatatomemory.
ThismakesthealgorithmrenderedforstreamingdataandisthereforesuitableforuseinMPC-RAN
systems.

Theestimator isunbiasedandrepresentedby S
j k k

K

,{ }
=1

and S y
j k
T

j k

Sample

k

K

, ,

( )

=
{ }

1
.Theauthors
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Sample M K
,
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,
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M

, ,{ }
=1

andthematrixof
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M Z
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to φ
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p
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K
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whichisthetargetmatrixofcovariance,theauthors

used(13):
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φ φ φ
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withb
Z pj l k
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, ,

, ,

=
+ −( )

1

1 1
.Foreachb
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,amaximumofZentriesmustbecalculated,sincefor

thegivenS S y y S S
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H
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p
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p
H
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H
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ToestimatetheR
j k

M M
,
∈ ×� theyfollowedacommonapproachusedforφ

j,k
.Thegoalwasto

obtaintheh
j k,

observationswithminimalinterventionfromotherUTs.From(Bjornsonetal.,2016;
Yin,Gesbert,FiliPpou,&Liu,2013) itwaspointedout that theUTcanemployasetofunique
orthogonalpilotstocarryoutatrainingphaseforR

j k,
.TheauthorsassumedthatthejthRRHhas

N
R

observationsofthenoisyh
j k,

whichlaysthebasisofconstructingtheapproximatecovariance
matrix ˆ

,
R
j k

.
ThatwillsimplymeanmoredatatransmissionoverthefronthaulfromRRHtoBBUandhigher

computationsinthatrespect.Theauthorsadoptedthevia-Qmethodpresentedin(Bjornsonetal.,
2016)toevaluatethecovariancematrix ˆ

,
R
j k

.Thispermitstheestimationof ˆ ˆ
, , , ,
φ φ
j k

Sample

j k j k j k
Hh h−
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whichcombinesall interferingUTsandset the ˆ ˆ
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φ φ
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( ) = 1 .Therefore, thecovariancematrix
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R
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Sample( ) wascomputedas:
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R
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Sample( ) ( )
−
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Thentheapproximatecovariancematrix ˆ
,
R
j k

iscomputedasfollows:

ˆ ˆ ˆ�
, , ,
R R R
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Sample= − −( )( ) ( )β β1  (17)

whereβ ∈ 

0 1, istheregularizingparameteremployedinapproximationof ˆ

,
R
j k

.
TheapproximationofMMSEestimatecorrespondingto ˆ

,
h
j k

iscomputedbasedon ˆ
,
R
j k
Compressed 

andφ
j k
Compressed
,

thatareassumedtobethecorrectcovariancematricesas:

ˆ
, , ,
h W y
j k
Compressed

j k j k
p=  (18)

whereW R
j k j k

Compressed
j k
Compressed

, , ,
ˆ= ( )−φ

1
.Thisgivesrisetocompresseddatachannelestimatorwhich

isbasicallyreferredtoascompresseddataestimatorinthiswork.

GdPM BASEd SEMI-BLINd MOdEL FOR CHANNEL ESTIMATION

Thiswasstatedearlierthatcovariancematrixcomputation,sincetheuseofMPC-RANresultsin
high-dimensionaldata,requireshugecommunicationandstorageresources.Yetitisalsoworthnoting
thatittakesconsiderablecomputationtimetocomputethecovariancematrices.Butweassumethe
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estimationofthechannelisdoneattheBBU.AttheBBU,thecomputingresourcesareenormouswith
theavailabilityofmulticoreprocessing,andwithwellthought-outparallelization,thecomputation
timecanbeminimized,andthechannelestimationprocessthereforehastened.Thiscanbefurther
enhancedwiththerightchoiceofparallelizationarchitecture(Liu,Sohl,&Wang,2010)andsoftware
architecturesandloadbalancingofprotocolstacks(Showk&Bilgic,2013).

Tothisend,weusethecompresseddataestimationtechniquetoprovidetheinitialestimation
ofthechannelandthenfocusonmethodsofsubspaceestimationtoapproximatetheCSI.Manyof
thewidelyusedsubspacemethodsincludetheDPMandtheFDPM(Doukopoulos&Moustakides,
2005).TheDPMusestheGram-SchmidtmethodtoperformorthonormalizationwhiletheFDPM
usesorthonormalizationviatheHouseholderprocess.So,DPMhasan MK 2( ) computational

complexity, while the FDPM has an MK( )  computational complexity. Neither of these two,
however,provideseffectiveparallelization,andare thusmoresuited foroperating insinglecore
systems.Therefore,inordertoachieveaneffectiveparallelizationsoughtafterinC-RANmulticore
BBUs, we invoke the use of the Givens orthonormalization mechanism but with  MK 2( ) 
computationalcomplexitytoformGivensdataprojectionmethod(GDPM).

It is important to remember that a lower complexity, that is a flop-count product, may not
inherentlymean that theprocess is superior to theprocesswithhigher complexity.This isvery
significant for the case when computing is done on multicore machine such as the MPC-RAN
BBU.Becauseaparallelizationefficientsystembecomessuperiorinsuchscenarios(Ford,2015).
ThisformsthebasisforouroptionofGivensorthonormalizationmethodwithintheMPC-RANfor
channelestimation.

GivensRotations reproducescalculationswhere it is important toselectivelyzeroparticular
elements(Golub&VanLoan,2013).Eachrotationcanonlyimpacttworowsofthegivenmatrix,
sowecaninterchangetheorderofrotationsaffectingdifferentrows,thusenablingtheuseofparallel
rotationalsets(Golub&VanLoan,2013).ThisisthereasonwesaidthattheGivenstransformation
lendsitselftosuccessfulparallelisation.TheGivenstransformationalsocomesinhandyafterarow
isaddedoracolumnisremovedandupdatingofamatrixisrequired.Thisisequivalenttoaddition
ofRRHantennaasaresultoftheevolutionoftheinteractingRRHantennasforaUTinmotionand
columndeletion,thisiswhenaUTdropsoutofthenetworkforsomereason.

Againfrom(Huetal.,2013),thecovariancematrixforthesignalobtainedisdeterminedas
follows:

φ
y

H H
M

E yy HH I= { } = +
 

 (19)

ThroughSVDφ
y

isthendecomposedtoyield:

φ
y s n s n
U U U Y= 


 ∧




   (20)

whereU
s

M K  �C × isthesignalsubspaceandU
n

M M K
  �C × −( ) isthesubspaceofthenoise.Using(Hu

etal.,2013)tocomputethechannelmatrixH usingU
s

,weusethescalarmultiplicativeambiguity
matrix BK K× :

Ĥ U B
s

=  (21)
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Weexploittheshorttrainingsequencein(2)toobtaintheambiguitymatrixandcalculateitas:

B U H
s

H Compressed= ( ) ˆ  (22)

wherethe ĤCompressed isthefirstapproximationofthechannelobtainedfromthecalculationofthe
compressedchannelin(27).Fromwhichwecalculatetheestimateforchannelas:

ˆ ˆ�H U U H
s s

H Compressed= ( )  (23)

ThesubspacetrackingalgorithmcalledtheDPMin(Yang&Kaveh,1988)wasadoptedbutGram-
SchmidtorthonormalizationwasreplacedwiththeGivensorthonormalizationmethod.Althoughthis
doesnotminimizethealgorithm’scomplexity,itallowsthealgorithmanefficientparallelizationthat
isanessentialfeatureintheMPC-RANnetwork.

ByusingthebasicstructureoftheGivensrotationmatrix,wecomputethemultiplicationofa
matrix. We compute the values of parameters c  and s  and a matrix AM K× . Assuming that
GM M× ,theupdatedmatrix �A G AT= willaffectonlytworows, i j,


 thus:

�A
c s

s c
A

i j

H

i j, ,









=
−

















 (24)

Theauthors leverageon this equation todevelopanalgorithmandwithpermittedabuseof
languagecallittheserialGDPM(SGDPM)illustratedinTable2.

Theparametersc ands arecomputedasinthealgorithminTable3.
TheprocessadaptedaboveistheclassicalGivensrotation.Thisapproachcanbefurtherimproved

bythecolumn-wiseGivensrotationwhereseveralelementsofacolumncanbeannihilatedwithinthe
inputmatrix.Thisalterationhastheadvantageoffewermultiplicationsthantheimplementationof

Table 2. SGDPM sub-space tracking algorithm

for
k K= …1 2, , ,

A W y
k k

H
k

= −1

T A
k i k
1 =

,

T A
k j k
2 =

,

�A cT sT
i k k k,
= −1 2

�A sT cT
j k k k,
= +1 2

end



International Journal of Embedded and Real-Time Communication Systems
Volume 12 • Issue 1 • January-March 2021

74

classicalGivensrotation(Merchantetal.,2014,2018).Thisalsohastheabilitytocombinecoarse-
andfine-grainedparallelism.

We start by conditioning the input matrix YM K×  multiplying it with the initial matrix

�A
I
K

M K K
0 0
=














−( )×
togiveusamatrixAM M× .AssumingthatGM M× .theupdatedmatrix �A GA= 

andthus:

�A G A
i k i k i k, , ,













=  (25)

and:

G diag I G I
i k i i k M i, ,

, ,


 − 



 −= ( )2

�  (26)

with �G
c s

s ci k,


=
−
















.Thus,toremoveanelementintherowmandcolumn1correspondingto(m,

1),weapplyoneGivenstransformationandwecanrewrite(25)as:

Table 3. SGDPM sub-space tracking algorithm parameters

ifT
k
2 0=

elseifT T
k k
2 1>

t T T
k k

= 1 2/

s
t

=
+

1

1 2

else

t T T
k k

= 2 1/

c
t

=
+

1

1 2

end
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�A G A
R

M
= =




















,1

1

0
 (27)

whereRk representstheuppertriangularmatrixafterthek-updatesaremade.Toeliminatemultiple
elementsinthecolumnofaninputmatrix,multipleGivenstransformationscanbeappliedinunison
(Merchantetal.,2018).Thus,byexpandingtheequation(27)wecanremove2-elementsinthe1st
columnoftheinputmatrix:

G G A
R

M M−






=
















1 1 1

2

0, ,
 (28)

Thenequation(28)canbemodifiedtoremoveM −1 elementsfromthe1stcolumnoftheinput
matrix,so:

G G G G A
R

M M

M

2 1 3 1 1 1 1

1

0, , , ,






 −








−

… =















 (29)

Thenequation(29)canbeexpandedtodeleteelementsm-1infirstcolumnandatotalofM −2 
elementsin2ndcolumn.Thetotalremovedelementsaretherefore M M−( )+ −( )1 2� � andtheresulting

matrixisR M M−( )+ −( )1 2 :

G G G G G G
M M3 2 4 2 1 2 2 2 1 3, , , , , ,







 −













…( ) 11 1 1 1

1 2

0


 −








−( )+ −( )
…( ) =

















G G A
R

M M

M M

, ,
 (30)

andwecaneliminatealltheelementsintherespectivecolumnsingeneral,andthusrewriteequation
(30)as:

G G G G G
M M M M M M, , , , ,−



 − −



 −









( )( )1 1 2 2 3 2 4 2

�


 −








…( )G G
M M1 2 2, ,

 (31)

andequation(31)isthegeneralizedGivensrotation.
The column-wise Givens rotation operates on one column per iteration and the generalized

Givensrotationoperatescolumn-wiseandrow-wisesimultaneouslyinasingleiterationtotriangulate
amatrixofindimension.ThiscanbeshownasseeninFigure1.

LookingatthetheoreticalnumberofiterationsrequiredtocarryouteachoftheseGivensrotation-
basedcomputations,itcanbeseenthattheclassicalGivensrotationneeds M M −( )( )1 2/ iterations
tocarryoutanuppertriangulationofanM M× matrix,whilethecolumn-wiseGivensrotation
needsM −1 iterationsfortheuppertriangulationoftheM M× matrixandthegeneralizedGivens
rotationrequires1iterationtouppertriangulateanM M× matrix.BasedonthisgeneralizedGivens
rotationtheauthorsdevelopthegeneralizedGivensalgorithmasinTable4.Thisalgorithmforms



International Journal of Embedded and Real-Time Communication Systems
Volume 12 • Issue 1 • January-March 2021

76

thebasisoftheparallelGDPM(PGDPM)sub-spacetrackingandconsequentlythePGDPMbased
semi-blindestimator.

It is important tonote that j represents theparticularRRHwearecurrentlyoperating in,m
representsthecolumnsofthematrixA

j
andirepresentstherowsofthematrixA

j
where � �A A

j j M, ,
, ,

1
… 

representsrowoneupdateinthemthcolumnuptorowMupdateinmthcolumn.updatingfromthe
firstrowtothelastrowcanbedonesimultaneously,therebyallowingforconcurrentupdatingof
rowsinacolumn.Buttheniterationoutofloopcanbeperformedconcurrentlymeaningthatrow
changes inseparatecolumnscanbeparallelised. Inaddition, thecomputationof thePGDPMin
multi-RRHsystemfordifferentRRHscanbeparallelisedaccordingtotheabovealgorithm.Itthen
rendersthePGDPManeffectivealgorithmforthechannelestimationmethodtobeemployedatthe
BBU.Therefore,theapproximatechannelmatrixisdeterminedas:

ˆ ˆH A A HPGDPM
j j

H
Compressed= ( )  (32)

ThisgivesrisetoPGDPMbasedcompresseddatasemi-blindestimatorwhichisbasicallyreferred
toasGDPMestimatorinthiswork.

NUMERICAL RESULTS ANd ANALySIS

Inthissection,welookattheperformanceindicatorsNMSE,SNR,reusefact f andMforallthe
channelestimationtechniquesvizimprovedMMSE,compresseddataandPGDPM.Tradeoffsamong
theseparametersareevaluatedforthechannelestimationschemesdiscussedfortheuplinkMPC-
RAN.TheNMSEcanbecomputedas:

NMSE
E trace h h

trace R

j k j k
H

j k

=
( ){ }
( )

� �
, ,

,

 (33)

Figure 1. The column-wise and generalized Givens rotation (Merchant et al., 2018)
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TheperformanceofthedifferentchannelestimationtechniquesisanalyzedinviewoftheNMSE,
SNRandtherespectivecorrespondingM.Atfirst,theperformanceofthecorrespondingchannel
estimationtechniquesiscomparedwithdifferentvaluesofNMSEandtransmitantennas,M.

ThecomparisonandanalysisofNMSE,reusefact f andMfortheRNA,FDPMandGDPM
channelestimationtechniquesinMPC-RANisdiscussed.ThiscomparisonisperformedforM 
rangingfrom 16 160  to ,withastepof16andK = 10 MPC-RANnetworkandthe f varies
as 1 2 4, ,


 .

Figure2comparestheattainableNMSEvs.numberofRRHantennasinmulticellMPC-RAN
for GDPM-based semi-blind estimator. Several observations can be made based on this figure.
GDPM-basedsemi-blindestimatorefficiencyimprovesasthenumberofRRHantennasincreases,
aswellastheincreaseinreusefactor.ThisisexpressedbyadecreaseintheNMSEwhenthenumber
ofRRHantennasincreases.It’salsoclearthatwithanincreaseinthereusefactorTable5,theNMSE
decreases.Thus,Table5pointstothefactthattheincreaseinMreducestheNMSEatallvaluesof
f asaresultofchannelhardeninginherentinMPC-RAN.TheriseinnumberofRRHantennasstill
impactsonNMSEata f of4reducingitfurther.

Table 4. PGDPM sub-space tracking algorithm

for
j L= …1 2, , , (numberofRRHs)

A A y
j

H
j

= �
0

T m A m
j( ) = ( ):,

2

c A i m T m
j

= −( ) ( )1, /

s A i m T m
j

= ( ) ( ), /

�A G A
j j,1 1
=

�A G A
j j,2 2
=

�

�A G A
j M M j, − −=

1 1

�A G A
j M M j,
=

    end

end

end
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Figure3andFigure4provideasummaryontheresultsofchannelestimationtechniquesfor
RNA,FDPMandGDPM.Figure3showsthatthesemi-blindestimationtechniquebasedonGDPM
hasthelowestNMSEat f = 1 followedbyFDPM,thenRNA.TheFDPMcloselyfollowstheGDPM.
FromFigure4,itisclearthatat f = 4 .GDPM-basedsemi-blindestimationtechniquestilloutperforms
theconventionalFDPMandRNAestimators.ButtheNMSEislowerinoverallat f = 4 thanitis
at f = 1 .

Next, we provide NMSE, SNR and M comparison and analysis of the channel estimation
techniquesforRNA,compresseddata,FDPMandGDPMinMPC-RAN.Thiscomparisonisperformed
forM rangingfrom16 160  to ,withanincrementof16andK = 10 MPC-RANnetworkandthe
SNRrangesfrom0dBto20dBin2dBsteps.

FromFigure5andFigure6depictstheperformanceofNMSEwithvariationinSNRforthe
respectivechannelestimators.ITcanbeobservedthatatlowerSNRtheNMSEishighbutasthe
SNRincreases,whichisanindicatorofimprovingchannelconditions,theNMSEreducesforall
thechannelestimators.Again,it isobservedthatthesemi-blindchannelestimatorshaveabetter

Figure 2. Achievable NMSE vs. number of RRH antennas for PGDPM-based semi-blind estimator with ( f = 

1 2 4, , )

Table 5. The performance of PGDPM estimator with M varying at (f = 1,2,4)

M
F

1 2 4

16 0.0115202 0.00475571 0.00197112

96 0.0112913 0.00475117 0.00138005

160 0.0111515 0.00474958 0.000909203
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Figure 3. Comparison of achievable NMSE vs. Number of RRH antennas for RNA, FDPM and GDPM estimators for a reuse factor of 1

Figure 4. Comparison of achievable NMSE vs. Number of RRH antennas for RNA, FDPM and GDPM for a reuse factor of 4
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Figure 5. The NMSE vs. Effective SNR with 16 RRH antennas

Figure 6. The NMSE vs. Effective SNR with 160 RRH antennas
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NMSEthanthelinearestimators,yettheyneedreducedpilotsforestimation.Thispointstobetter
performanceinpilotcontaminationyetwithgoodperformance.

InordertogettheaverageNMSEwetaketheNMSEovertheRRHantennarangeatparticular
valueof f foreachSNRbetween0dBto20dBin2dBsteps.Next,weaveragethisNMSEforall
SNRconsideredatagiven f overtherangeofRRHantennas.ThisthenyieldstheNMSEovera
givenRRHrangeforaspecified f andplottedasshowninFigures7and8.

Figure7summarizestheNMSEagainstthenumberofRRHantennasforRNA,compressed
data,FDPMandGDPMforareusefactorof1.AsthenumberofRRHantennasincreasetheNMSE
decreasessincethechannelestimationimprovesduechannelhardeningphenomenon.Again, the
estimationoftheGDPMchannelandtheestimationoftheFDPMchannelhavelessNMSEcompared
totheRNA-MMSEandcompresseddatachannel,becausethetechniquesofsemi-blindestimationof
thechannelaresuperiortolinearestimationtechniques.ButasRRH antennasincreasestheestimation
oftheRNAandthecompresseddatachannelNMSEnearsthatoftheestimationoftheFDPMand
GDPMchannelsincetheapproximationimproveswiththeincreaseinthenumberofantennasdue
tothehardeningphenomenonofchannels.

Thereusefactorissetto2and4respectivelyinFigure8andFigure9,andtheNMSEisreduced
ascomparedtothecasewhenthereusefactorissetto1andalsoareusefactorof2hasahigher
NMSEthanthereusefactorof4.Thiscanbeduetothefactthatasthereusefactorincreasesthe
pilotcontaminationreducesandthisimprovesthechannelestimationprocessleadingtoareduction
inNMSEforallRNA,compresseddata,FDPMandGDPMchannelestimationtechniques.

Onceagain, itcanbenotedthat theFDPMhasaslightlyhigherNMSEthantheGDPM
pointingtothefactthatalthoughGDPMhasahighcomplexityitsperformanceissuperiorto
thatofFDPM.Thus,wecan lower thecomplexity inGDPMwithparallelization,andhence

Figure 7. The NMSE vs. Number of RRH antennas with a reuse factor of 1considered over SNR of 0dB to 20dB
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exploititssuperiorchannelestimationperformance.Anotherimportantobservationisthatwhen
theNMSEisaveragedover0dBto20dBSNRtheresultantvaluesofNMSEislessthanforthe
casewhenSNRisnotfactored inforall thechannelestimation techniques.This isexpected
sincewhenthenetworkconditionisimprovedtheestimationofthechannelimprovessincethe
pilotcontaminationconsequentlyreduces.

CONCLUSION

ThepapergivestheperformanceanalysisandcomparisonoftheRNA,Compresseddata,FDPMand
GDPMchannelestimatorsforMPC-RANsystem.Theperformanceofthechannelestimationschemes
intermsoftheRRHantennasandtheNMSEisstudied.TheNMSEwasderivedtheoreticallyfor
eachofthechannelestimationschemesundersimilarassumptionsandfortheMPC-RANsystem.
TheNMSEfortheGDPMestimatorislowerthanthatoftheFDPM,RNAandCompresseddata
estimators.AndthispointstobetterstudyaroundtheGDPMestimatorparallelizationarchitectures
toenhanceitsapplicabilityinMPC-RANnetwork.ForNMSEaveragedoverover0dBto20dBSNR,
theincreaseinthenumberofantennasincreasestheNMSEperformanceoftheFDPM,RNAand
CompresseddataestimatorstonearthatofGDPM,thisisattributedtobetterapproximationasthe
numberofantennasincreaseduetochannelhardeningphenomenonandimprovedchannelconditions
duetopresenceofhighSNR.Thefutureworktothisstudywillbetolookatparallelizationstructures
inmulticorestobestimplementGDPMestimatorandmakeitmoreefficientinMPC-RANapplication.
Thiswillofferbetterestimationwithreduceddatasizeandnumberofpilotsyetwithoptimalchannel
estimationatBBUduetohighlyefficientparallelization.

Figure 8. The NMSE vs. Number of RRH antennas with a reuse factor of 2 considered over SNR of 0dB to 20dB
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Figure 9. The normalized MSE vs. Number of RRH antennas with a reuse factor of 4 considered over SNR of 0dB to 20dB

Table 6. Comparison of the conventional and the PGDPM channel estimation techniques in MPC-RAN

Conventional Channel Estimation Method PGDPM Channel Estimation Method

1 Linearmethodsrelyonpilotsforchannelestimation
increasingpilotcontaminationthroughpilot
overheads.

Usesfewerpilotsmostlytheinitialestimationfrom
linearmodelforchannelestimationreducingpilot
contamination.

2 Doesnotworkwithcompresseddatathisresults
inoverstretchingthebackhaullinkinMPC-RAN
systemcausingcongestion.

Reliesoncompresseddatatechniquestoreducedatasend
overthebackhaullinkhenceminimizingcongestion.

3 Theparallelizationefficiencyintermsofhardware
implementationasperthealgorithmsusedislimited.

Itoffersgreatparallelizationintermsofhardware
implementationbyvirtueofthehighlyparallelizable
algorithminTable 5,furtherreducingitscomplexity.

4 Theyconventionalchannelestimationmethodshavea
highNMSEthusgivingreducedefficiencyinMPC-
RANsystem.

ThePGDPMdepictsalowerNMSEthantheconventional
methodshenceimprovingefficiencyoftheMPC-RAN
system.
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