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Abstract-Vehicle positioning is considered akey element
in autonomous driving systems. While conventional positioning
requires theuseofGPS and/or beacon signals from network
infrastructure for triangulation, they are sensitive to multi-
path and signal obstruction. However, recent proposals likethe
Channel-SLAM method showed itwas possible in principle to
infact leverage multi-path to improve positioning ofasingle
vehicle. In this paper, we derive a cooperative Channel-SLAM
framework, which is referred asTeam Channel-SLAM. Different
from the previous work, Team Channel-SLAM not only exploits
the stationary nature of reflecting objects around the receiver to
characterize the location ofasinglevehicle through multi-path
signals, but also capitalizes on the multi-vehicle aspects of road
traffic to further improve positioning. Specifically,Team Channel-
SLAM exploits the correlation between reflectors around multiple
neighboring vehiclesto achieve high precision multiple vehicle
positioning. Our method uses affinity propagation clustering
and cooperative particle filter. The new framework is shown to
give substantial improvement over the singlevehicle positioning
situation.

Index Terms-vehicular localization, SLAM, positioning and
tracking techniques, radio based localization, SG

I. INTRODUCTION

Positioning iswidely considered toplayakeyrolein
vehicular navigation and autonomous driving[1].However,
thetypical positioning approaches likeOPS,IMUand LiDAR
canbe limited by obstruction, error accumulation orsevere
weather conditions [1].The development of 50 has improved
thetime resolution andangle resolution greatly [2], which
bringsnew opportunities forradio based localization and
navigation.

Thereare already many interesting contributions totheradio
based positioning problems [3]-[6]. However, multi-path prop-
agation haslongbeen regarded asa drawback forradio based
localization technologies. Hence many contributions focuson
multi-path elimination andLOSpath extraction [7],[8].But
recent research foundthat multi-paths canbring additional
information for localization, whichmakesit possible totum
them fromfoetofriendinthe context ofradio based localiza-
tion[9].Inthiscontext,[10] presents aNLOS identification
and localization scheme and[11] presents an algorithm to
estimate the position andthesizeofvehiclebyusingmulti-
pathswhenLOSlinkis obstructed. While theabove methods

are typically presented inthe context of estimation froma
single time-slot worthofdata,theycaneasilybe extended to
multiple timeslot processing assomefeatures(likereflecting
planes) remain staticover multiple timeslots,whichwill
further enhance positioning inthe presence ofnoise.

As another powerful alternative, the so-called Channel-
SLAM based method was proposed [12]. This technique
estimates the user's position witha simultaneous localization
and mapping method. Therehasbeenseveral Channel-SLAM
based variantsinthe literature, butallof them areaiming
atsingle vehicle localization [13]-[16]. However,asa crucial
point raised inthispaper,in moderately dense trafficoreven
normal traffic scenario, wecan expect groupsof2or3vehicles
to closely followeachother, leading toa situation wherethese
vehicleswillshareatleastoneortwokeyreflectors. These
reflectorscanbe multiple observed byvehiclesin different
positions, sothattheycanbe estimated through multiple
observations frombothtime domain andspace domain.

Inthispaper,anew method referred toasTeam Channel-
SLAMis proposed to exploit the multi-vehicle nature of
typicalroadtrafficandtheabilityfor different vehiclesto
cooperate witheachothersoasto improve the localization
performance. Thekey point behind this contribution isthe
recognition thatthe existence ofseveral common reflectors
provide additional structure tothe multiple vehicle localization
problem, hence leading to improved estimation performance.
Inthe Channel-SLAM algorithm, thereflectorsare associated
withthe existence of virtual transmitters (VT)fromwhich
reflections appear to originate from.Inournew framework,
theVT corresponding to reflectors thatare shared bymul-
tiplevehiclesare merged together,givingriseto common
virtualtransmitters (CVT).Affinity propagation based clus-
tering method isusedforCVT cluster formation. ThenCVT
particle filtersand vehicle particle filtersareusedto locate
and track the position ofvehicles cooperatively, wherethe
formerisusedforCVT positioning andthelatterisused
for vehicle localization. Numerical resultsshowthatTeam
Channel-SLAM leadstoover40% improvement oversingle
vehicle situation whentraffic density aslowas 4 vehiclesper
140metersinan 8-lane road.
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LOSsignaltothemovingvehicle. dVT istheadditionaldistance.whichislargerthan
zerowhenscatteringhappens.
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II. SYSTEM MODEL

A. State Model

Weconsiderascenariowithonebasestation(BS)and
M vehicles.Eachvehicleis equipped withoneradiouser
equipment.Thestateofm-thvehicleattime tk isdenotedas

(1)

where rv= (t k) E R2 and VV= (t k) E R2 areitspositionand
velocity,respectively.

AsshowninFig. 1, the multi-path attime tk forvehicle
mcanbe modeled asaLOSlinksignaloriginatingfroma
VTaddinganadditionaldistance,wherethepositionofVT
is constant overtime [12]. SothestateofVTsfromvehicle
mcanbedenotedas

X VT= (t k) = {rVT(m,i=) (t k), dVT(m,i=) (tk)}:=~~k) (2)

where Nm (t k ) isthenumberofmulti-pathsforvehiclemat
timeslot t b and rVT(m,i=) (t k) E R3

, dVT(m,i=) (t k) E R
denotethepositionandadditionaldistancefor corresponding
VT,respectively.

B. Observation Model

TheobservationsfromvehiclesincludeTimeofArrival
(ToA)andAngleofArrival(AoA),whichcanbeextracted
fromthesignalsreceivedatthebasestation.Theobservation
forvehiclemattime tk isdenotedas

{

A }N=(tk)
Zm (t k) = a(m,i=) (t k), d(m,i=) (t k) i= =1

a(m,i=) (t k) = (e(m,i=)' ep(m,i=))

where e(m,i=) and CP(m,i=) standforthepolarangleand
azimuthangleofAoAestimation,and d(m,i=) (tk) isthe
ToA estimation multiplied byspeedoflight.As mentioned in
sectionII-A,thetraveldistanceofa multi-path canbe modeled
asaLOSpathdistancefromaVTplusanadditionaldistance.

rVT(m,i=) (tk) = rv= (tk) + ~(m,i=) (tk) . Ii (a(m,i=) (tk))

~(m,i=) (tk) = d(m,i=) (tk) - dVT(m,i=)
(4)

where R(a, b) = (cos a sin b,sin a sin b,cos b) isthevectorof
polarangle a andazimuthangle b. dVT(m,i=) (tk) iszeroif
thereisnoscattering, otherwise dVT(m,i=) (t k) islargerthan
zero.

III. CVT CLUSTER FORMATION

AsshowninFig.2,wedenotethenumberofVTsobserved
byvehiclemattime tk as Nm (tk), sothereistotally

M

L: Nm (tk) differentVTsattime tk. However,agroupof
m=1
VTsmayfindthemselvesinthesamelocationwhenthoseVTs
are observed by:a)alltheLOSlinksreceivedbydifferent
vehicles,b)twoormoremulti-pathsreceivedbydifferent
vehicleswiththesamereflectingplane,c)twoormoremulti-
pathsreceivedbydifferentvehicleswiththesamescattering
point.Inthiscase,theycanbetreatedasonecommon
virtualtransmitter(CVT). What's more,forsituationb),if
theCartesianequationsoftworeflectingplanesarethesame,
theVTsobservedfrommulti-pathsreflectedbythetwoplanes
canalsobeseenasoneCVT,forthepositionofthemarealso
thesameintheory.

However,thoseVTstreatedasoneCVTareusuallynot
completely identicalbecausethenoisecorruptstheobserva-
tions.Buttheyshouldbeclosewitheachother,somostlikely
therewillbeclustersofVTsinmultiplevehiclescenario,
whereeachclusterconstitutesmultipleobservationsforone
CVT.Thiswillbetheroleoftheclustering algorithm tolink
togetheragroupof neighboring VTs.

Thekeyadvantageoftheaboveclusteringtechniqueis
thatthepositionofCVTscanbethen estimated onthe
basisagreateramountoftheobservationsfromthedifferent
neighboring vehicles.

Affinity propagation [17], [18] canclusteragroupofnodes
bychoosinganexemplar(clusterhead)foreachnodewithout
preknowledge ofclusternumberandsize.The logarithm of
thedistancebetweenVTsisdefinedasthe similarity value.

s (p, q) = -In (1lrvTp - rvi; II + 1) ,p =1= q

{ }
m= M ,i= = N= (tk)

rvr., rv-r; E rVT(m,i=) m = l,i==1

where s (p,q) isthesimilarityvalueofVT p withrespect
toVT q, whichindicateshowwellVT q issuitedtobethe
exemplarforVT p [17].



corresponding multi-path indexand otherwise
zero.

ZV(u)(t k) denotesthe observation fromvehiclesin V(u).
CVT~a) (tk) isthe a-th particle ofCVTstate CVTu (tk) and
Y V(u) (tk) isthe vehicle particles in V(u),

{{ () }NV}YV(u)(tk) = r';,mJtk) j=l ,mu E V (u) (17)

w~l (tk) isthe weight ofeach particle, the weight update
euqation is denoted as:

(a)() (a)( )wCu tk = wCu tk-1
xp (ZV(U) (tk) ICVT~a) (tk);YV(u) = YV(u)(tk))

(18)
TheCVT particles canbedrawnfromthefollowingdistribu-
tion:

(16)

(19)

7" O}V (u) = {m u I

CVT~a) (tk) r-;» p (CVT~a) (tk) ICVT~a) (tk-d )

=5 ( CVT~a) (tk) - CVT~a) (tk- 1))

B.VehicleParticleFilter
ThePDFof particles corresponding tothe m-th vehicle can

be calculated by

p (rv= (tk)IZm (tk), Um (tk);Y C(m) = Y C(m) (tk))

~ %1 w~2 (tk) 5 (rv= (tk) - r~2 (tk))
(20)

where Zm(tk) isthe observation from vehicle mattime tk,
Um (tk) isthe motion information for vehicle mattime tk,
C (m) isthesetoftheCVTclustersthat contain aVT observed
by vehicle m.

IV. COOPERATIVE SIMULTANEOUS LOCALIZATION AND
MAPPING

A particle filter [19] approach is described for multiple
vehicle trackingandCVT positioning. CVT particle filtersand
vehicle particle filtersare introduced to estimate thestateof
CVTsandvehicles jointly, whichisshownin Algorithm 1.

A.CVTParticleFilter
ThePDFofthe u-th CVTcanbe calculated by

p (CVTu (tk)IZv(u)(tk);YV(u) = YV(u) (tk))

~ f1 w~l (tk) x 5 (CVTu (tk) - CVT~a) (tk)) (15)

where V (u) isthesetofthevehiclesthat observe aVT
belonging toCVT cluster u,

iv) Damp the availability value:

a(p , q) +-- (1 - A)a(p,q) + a(p, qt1d
(9)

v) Calculate the self-availability value:

a(q,q) +-- Lmax{O,r(pl,q)} (10)
plicq

Theaffinity propagation algorithm continuously updatesand
iteratesa so-called responsibility valuer(p,q) and availabil-
ityvaluea(p,q), wheretheformermeansthe accumulated
evidence forhow well-suited VT q canserveasthe exemplar
forVT p andthe latter meansthe accumulated evidence for
how appropriate itwouldbeforVT p to choose VT q asits
exemplar [17]. Finally,forVT p, theVT q that maximizes the
sumof responsibility valueand availability valueis selected as
an exemplar ofVT p [17].The iteration ofaffinity propagation
forCVT cluster formation isdoneasfollows:
i) Calculate the responsibility value:

r(p,q) +-- s(p,q) - max {a(p , l) + s(p , l)} (6)
qls.t.qlicq

ii) Damp the responsibility value:

r(p,q) +-- (1 - A)r(p,q) + r'», qt1d (7)

where A is damping factor between °and1,and r'», qt1d is
the responsibility valueat previous iteration.
iii) Calculate the availability value:

a(p,q) +-- min {o, r(q,q) + L max {O, r(pi, -l
pi f/C{p,q}

(8)

vi) Choose exemplars:

if iter> Niter Ep = arg max {a(p,q) + r(p , q)}
q (11)

if iter::; Niter return i)

where Ep isthe exemplar forVT p.

Aftertheabovesteps, exemplars are chosen foreachVT
andthoseVTswiththesame exemplar willmakeuponeCVT
cluster.Let N C (tk) denote the number ofclusters.Thestate
ofCVT cluster is denoted as

x; (tk) = {Xcu (tk)}:~itk) (12)

where X Cu(t k ) = {CVTu (t k ) , CVTIu (t k )} isthestate
ofCVT cluster u, CVTu (tk) = {rcu (t k) , dcu (tk)} isthe
position and additional distance ofCVT cluster u, respectively.

"c; (tk) = lE (rVT(iu) (tk)) , iu = 1,2, , Nu (tk) (13)
dcu (tk) = lE (dVT(iu) (tk)) , i« = 1,2, , Nu (tk)

lE (.)isthe expectation operator and N u (tk) isthe number of
VT observations inCVT cluster u,

C(m) = {um I 7" O} (21)

CVTIu (tk) isthe common virtual transmitter indexthatindi-
cates whether vehicle mobservesaVTthat belongs toCVT
cluster u, If itdoes,its m-th element (tk) equelstothe

Y C(m) (tk) istheCVT particles in C(m),

Y C(m) (tk) ={ {CVT~~ (tk)} ~:1} ,Um E C (m) (22)



(28)

(25)

Algorithm 1: TeamChannel-SLAM

(31)

(33)

(32)

Ne

CVTu (tk) ~ L w~~ (tk) x CVT~a) (tk)
a=l

Initializetheinitialparticles r~2 (to) from rv= (to)
for t = 1 : t K do

Detectandtrackthemulti-path
if new path isdetected then
L InitializenewCVTclustersfortherelatedVTs

if tracking of path lost then
L DeletethecorrespondingVTfromCVTcluster

UpdatetheCVTclusteras (5)~(14)

for u = 1 : Nc (tk) do

lfor a = 1 : n; do
DrawtheCVTparticlesas(19)l Calculate w~~ (tk) as(18,27,28,29)

ResamplingtheCVTparticleweight w~) (tk)
EstimateCVTstate CVTu (tk) as(33) u

for m = 1 : M do

l for j = 1 : Nv= do
LCalculate w~2 (tk) as(23,30,31,32)

Resamplingthevehicleparticleweight w~2 (tk)
Estimatethevehiclestate rv= (tk) as(34)

particleinum-thCVTparticlefiltercanbedenotedas:

rt'==,a) (tk) = r~L (tk) - ~u= . R (CY(m,i=) (tk))
-<. (a)

~u= = d(m,i=) (tk) - dCu= (tk)
ThenthePDFin(30)canbedenotedas:

p (Z(m,i=) (tk) Ir~2 (tk); CVT~~ (tk))

ex exp {- (r~2 (tk) - r~:=,a) (tk)) 2}
E.State Estimation
ThestateofCVTcluster u canbeestimatedas:

(24)

C. VehicleMotionUpdate

Inthescenario,supposetheerrorofmotioninformation
followsGaussiandistribution.Themotioninformationfor
vehiclemattime tk canbedenotedas

U,« (tk) = {vv= (tk-1), vv, (tk)}
vv= (tk) =vv: l (tk) + n.; . ejnw

w~2 (t k ) istheweightofeachvehicleparticle,theweight
updateequationisdenotedas:

w~2 (tk) = w~2 (tk-d
xp (Zm(tk) Ir~2 (tk) ;Y C(m) = Y C(m) (tk)) (23)

Thevehicleparticlescanbedrawnfromthefollowingdistri-
bution:

T
rv= (tk) = rv= (tk-d + (vv= (tk-d + vv= (tk)) . 2 (26)

D.Weightupdate

ForCVTparticlefilter,theobservationin(18)canbe
calculatedby:

p (ZV(u)(tk) ICVT~a) (tk) ; YV(u))

TI ~ p (Z(mu,i=u) (tk) ICVT~a) (tk), r~~u (tk))
muEV(u) J=l

(27)
where Z(mu,i=u) (tk) ={) (tk), d(mu,i=u) (tk)}
and (tk). Thentheestimationforu-thCVT
basedon j-th particlein m., -thvehicleparticlefiltercanbe
denotedas:

y:{mu,j,a) (t ) = r(j)(t ) + ~ (a) . R (0: .)C u k ffi u k ffi u (mU)zrnu)

~~~ =) (tk) - d~~ (tk)

where n.; r-;» N (0,0-;) and n w r-;» N(0, (7~) isthenoise
ofspeedandspeedorientationthatbothfollowsaGaussian
distribution[20].Thedistributionin(24)cannowbedescribed
as

(29)

Gaussian

V. SIMULATION RESULTS

Inthissection,asimulationexperimentiscarriedouttotest
theperformanceoftheproposedalgorithm.Thesimulationis
doneunderasinglebouncereflectionmodelandwesuppose
thatthereisnoscatteringandmulti-pathsarewelldetectedand
tracked.Notethattheinformationaboutpositionofthebase
stationisnotrequiredinthispaper.Distancemeasurements
andanglemeasurementsin(3)arecorruptedwithzero-mean
Gaussiannoisewithstandarddeviation (7d = 0.2mand
(7a = 1deg(bothforpolarangleandazimuthangle)[20].

SupposetheerrorofCVTfollowsazero-mean
distribution,thePDFin(27)canbedenotedas

p (Z(mu,i=u) (tk) ICVT~a) (t k); r~,~u (tk) )

ex exp {- (r~~ (t k ) _ ,j,a) (t k )) 2}
Forvehicleparticlefilter,theobservationin(23)isgiven

by:

p (Zm(tk) Ir~2 (tk);Y C(m) (tk))

TI ~ p (Z(m,i=) (tk) Ir~2 (tk); CVT~~ (tk))
u=EC(m) c -e-I

(30)
where Z(m,i=) (tk) = {O:(m,i=) (tk), dcm,i=) (tk)} and =

(tk). Thentheestimationform-thvehiclebasedon a-th

Thestateofvehiclemcanbeestimatedas:
N v

rv= (tk) ~ L w~2 (tk) x r~2 (tk)
j =l

(34)
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TheinitialpositionofvehiclesareobtainedfromGPSandits
errorfollowsazero-meanGaussiandistributionwithstandard
deviation CJE = 3m.Thestandarddeviationofspeedand
itsorientationnoiseis CJv = O.lm/s and CJw = O.ldeg/s.
NoticethattheGaussiandistributionmentionedabovearecut
to 2CJ (P (-2CJ ::; X::; 2CJ) = 0.9544)topreventestremely
bigerrorsfromGaussiandistribution,whichisimpossiblein
practice.Thesamplinginterval tb isO.ls.Thenumberof
particlesaresetas120 (Nv = No = 120).Wetrackthe
movementofvehiclesfor100timeslots.Theresultsarebased
on200timessimulationrun.

A.Trajectorytracking
ThetrajectoryandsimulationscenarioareshowninFig.

3.Thebasestationlocatesat [70m, 0, 8m] onthelanesep-
aratorandthebuildingsarebesidestheroad(thepositions
ofbuildingareunknown).Therearetotally8lanesonthe
roadandthewidthofeachis4meters.Theinitialposition
uniformlydistributein(0 , 40m) for +x runningvehiclesand
(100m , 140m) for -x runningvehicles.Thespeedofvehicles
is10 m/s. Thetotaltrajectoryiswithin[0 , 140m] rangeof x

axisand [-16m , 16m] rangeofy-axisontheroad.Weexplore
theperformanceofthealgorithmwithdifferentnumberof
vehicles.Thenumberofvehiclesperunitareaisdefinedas
thevehicledensity Pv. Sowetotallyanalyzethealgorithm
when PV = 1,2 ,4,6,8 vehicles/(140 x32m 2 ).

Thefigurealsoshowsthetrajectoryofvehicleswhen
PV = 8 vehicle/(140 x32m 2 ). Theestimatedtrajectoryand
realtrajectoryaremarkedbyblacklinesandbluelanes,
respectively.Alsotherealpositionsandestimatedpositions
forvehiclesandCVTsatthe60-thtimeslotareshowninthe
figure.Wecanseethattheestimatedvehicletrajectorygets
graduallyclosetotherealtrajectoryalongwithtime,wherethe
tendencycanalsobeshowninFig.4,whichmeansthatTeam
Channel-SLAMcantrackthevehiclewelldespitethelarge
initialpositionerrors.Amoreprecisequantitativeanalysisfor

errorsovertimeandvehicledensityisdoneinthefollowing
subsections.

B.Positioningerrorovertime

Fig.4showsthepositioningerrorofvehiclesovertime
versusdifferentvehicledensities.Thepositioningerrorishigh
atbeginningfortheinitialpositioningerrorfromGPSis
largebutitconvergestoalowvalueovertime.Thisshows
thattheaccumulatingobservationofCVTswillbringmore
accurateCVTpositioning,whichwillfinallyimprovethe
vehiclepositioning.Butthepositioningerror doesn't decrease
overtimeinsinglevehiclesituation.Thisisbecauseinthis
situationtheCVTestimationisbasedontherelativedistance
observation(ToAandAoA)andtheinitialpositionofjustone
vehicle.Thustheerrorfrominitialpositionofthatvehicle
willcompletelyspreadtotheCVTs(CVTisdemotedto
VTinsinglevehiclesituation).Solimitedbythegiven
information,thebestperformanceforTeamchannel-SLAM
insinglevehiclesituationistokeeptheinitialpositionerror
fromincreasingbyexploringtheaccumulativeobservations
overtime.ButTeamChannel-SLAMisalsousefulinthis
situation,becauseitwilleliminatetheaccumulativeerror
frommotioninformationandalsoprovideacontinuousand
stablepositioningforvehiclesincasethattheGPSorother
positioningsensorsgetlimitedbytheweatherorotherhard
conditions.However,whentherearemultiplevehicles,those
CVTsthatcontainVTsobservedbymultiplevehicleswill
getbetterestimatedduetomultipleobservations,whichwill
improvethepositioningoftheircorrespondingvehicles.Also
thosevehicleswillmakealloftheircorrespondingCVTsget
betterestimatedinreturnandthenapositivefeedbackfor
positioningisspreadamongallthevehiclesandCVTsto
convergetheirparticlestorealpositions,whichmakesTeam
Channel-SLAMperformsbetterinmultiplevehiclesituation.
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Fig.6:Positioningaccuracyafter100timeslotsexpectedlyimproveswithvehicle
densities.

C. Positioning errorovervehicledensity
Fig.5showsthecumulative probability distributionfunc-

tion(CDF)of positioning errorafter100timeslotsversus
differentvehicledensities.Fig.6showsthe positioning error
ofCVTsandvehiclesafter100timeslotsversusdifferent
vehicledensities.Wecanseefromthefigures,the positioning
accuracyexpectedlyimprovesovervehicledensityforCVT
positioning andvehiclepositioning.Especially,when Pv =
4 vehicle/ (140x32m 2 ), the algorithm leadstomorethan
40% improvement oversinglevehiclesituation.Thisshows
thattheincreasingnumberofvehicleswillleadtospatial
accumulating observationoftheCVTs,whichwillimprove
the positioning forCVTsandvehicles.

VI. CONCLUSION

Team Channel-SLAM modelstheCVTsbasedonaffinity
propagation clusteringandthen simultaneously estimatethe
stateofCVTsandvehiclesthroughcooperativeparticlefilters.
Thesimulationresultsshowthatthe algorithm canconverge
thepositionofCVTsandvehiclesgraduallyovertimeand
the performance canalsobeimprovedwhenvehicledensity
increases.
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