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Abstract—Absolute positioning of vehicles is based on Global
Navigation Satellite Systems (GNSS) combined with on-board
sensors and high-resolution maps. In Cooperative Intelligent
Transportation Systems (C-ITS), the positioning performance can
be augmented by means of vehicular networks that enable vehi-
cles to share location-related information. This paper presents an
Implicit Cooperative Positioning (ICP) algorithm that exploits the
Vehicle-to-Vehicle (V2V) connectivity in an innovative manner,
avoiding the use of explicit V2V measurements such as ranging.
In the ICP approach, vehicles jointly localize non-cooperative
physical features (such as people, traffic lights or inactive cars)
in the surrounding areas, and use them as common noisy
reference points to refine their location estimates. Information
on sensed features are fused through V2V links by a consensus
procedure, nested within a message passing algorithm, to enhance
the vehicle localization accuracy. As positioning does not rely
on explicit ranging information between vehicles, the proposed
ICP method is amenable to implementation with off-the-shelf
vehicular communication hardware. The localization algorithm
is validated in different traffic scenarios, including a crossroad
area with heterogeneous conditions in terms of feature density
and V2V connectivity, as well as a real urban area by using Sim-
ulation of Urban MObility (SUMO) for traffic data generation.
Performance results show that the proposed ICP method can
significantly improve the vehicle location accuracy compared to
the stand-alone GNSS, especially in harsh environments, such as
in urban canyons, where the GNSS signal is highly degraded or
denied.

Index Terms—Cooperative positioning, vehicular networks,
distributed tracking, message passing, consensus algorithms,
intelligent transportation systems (ITS).

I. INTRODUCTION

Intelligent Transportation Systems (ITSs) are becoming a
crucial component of our society and precise vehicle posi-
tioning is playing a key role in it, such as for assisted or
autonomous driving, fleet management, and road safety [1].
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Global Navigation Satellite Systems (GNSSs), e.g. Global
Positioning System (GPS) or Galileo, have been widely used
in ITS. Standard GNSS provide an accuracy of 5-10 meters
in open sky areas, i.e., when there is a direct line-of-sight
between the vehicle receiver and satellites [2]. Augmented
by differential corrections and/or multi-constellation receivers,
they can achieve meter-level accuracy in ideal operating condi-
tions, or even centimeter level in Real Time Kinematics (RTK)
variants [3]. However, RTK is still subject to long and unpre-
dictable convergence times when cold starting. Moreover, in
urban canyons, the availability of both standard and advanced
GNSS systems is limited by adverse local environmental
conditions, as GNSS signals can be substantially degraded or
mostly blocked. A possible way to cope with the degradation
of GNSS signals is to perform graph-based Simultaneous
Localization And Mapping (SLAM) [4]. Vehicles localize
themselves by building maps of the surrounding environment
and fusing the available GNSS information into the mapping
process. However, in these approaches vehicles are considered
as autonomous entities and not connected with each other,
while cooperation through vehicular networking could provide
significant benefits, particularly in the context of cooperative
autonomous driving applications [5,6].

In recent years, there has been growing interest on Co-
operative ITS (C-ITS) [7], where vehicles are able to share
information with other vehicles and/or the network infras-
tructure (e.g., base stations or Road Side Units, RSUs)
through respectively Vehicle-to-Vehicle (V2V) and/or Vehicle-
to-Infrastructure (V2I) communications. Currently, Vehicle-to-
anything (V2X) communications can be achieved by using
the available IEEE 802.11p technology, which is a basis of
the Dedicated Short Range Communication (DSRC) [8] and
ITS-GS5 standards [9], in the USA and Europe, respectively.
Even more recently, cooperative communications have been
considered to improve the positioning availability, integrity
and continuity in the specific vehicular context [10]-[18]. In
this context, RSUs can be used for performing vehicle self-
localization as they provide wireless connectivity to passing
vehicles [19]-[21]. In a first stage, a vehicle retrieves the
number and locations of the nearby RSUs [19,20], and then
positions itself by measuring two-way time-of-arrivals [21].
However, such solutions require populating roads with many
RSUs, and thus their use is limited in the short term. Instead,
Cooperative Positioning (CP) approaches [22]-[24], which
benefit from mobile-to-mobile interactions (i.e., in terms of
both measurements and exchanged positional information),
have been increasingly adopted. They enable to mitigate the
shortcomings of GNSS by incorporating additional GNSS-



independent information into the positioning problem. Most
of these cooperative localization approaches are applied in a
more global hybrid data fusion framework [25]. The idea is
for instance to combine GNSS measurements with auxiliary
information, such as ranging measurements, reference points
and digital road maps. Several solutions have thus been
proposed based on the measurement of inter-vehicle distances
[10]-[18]. For example, the works in [10,12,26] propose CP
algorithms based on V2V radio ranging techniques, assisted
with road map and/or vehicle kinematics information. In
[16], the authors develop a strategy for selecting the best
V2V links to be used for the purpose of CP. Another CP
approach is proposed in [17], which relies on Radio-Frequency
IDentification (RFID) tags installed along the street to compute
the GNSS bias for positioning correction. A CP variant worth
mentioning is also cooperative map matching [18] where
GNSS raw measurements and precise road-map information
are exchanged between the vehicles to further mitigate GNSS
errors. Finally, a consensus-based method has been proposed
in [24] to enable the localization of an entire fleet of entities
(i.e., vehicles, pedestrians or any objects), at each member
of the fleet, by means of local ranging measurements and
repeated device-to-device iterations.

Overall, although the current state-of-the-art approaches
have been shown to effectively improve the vehicle positioning
accuracy, they either rely on high-complexity techniques, or
require dedicated hardware or large-scale infrastructure. In
addition, most of them need the vehicle to extract explicit
range measurements (e.g., round trip time, time of flight
or Received Signal Strength — RSS) from the radio signals
exchanged with neighboring mobile entities. Such measure-
ments tend to be of low quality (e.g., RSS measurements) or
are incompatible with IEEE 802.11p (e.g., time-based range
measurements that rely on unicast). On the one hand, dedicated
wireless ranging technologies (e.g., Impulse Radio - Ultra
Wideband [15]) indeed require specific acquisition schemes
and handshake protocols. Accordingly, they might induce extra
latency, as well as additional coordination or synchronization
constraints (e.g., local scheduling of ranging packets within a
pseudo-coordinated time division access), which are deemed
challenging in highly scalable ad-hoc contexts. On the other
hand, as IEEE 802.11p relies on broadcast transmissions,
accurate explicit measurements from V2V communications
are not available. Consequently, the above methods cannot be
straightforwardly applied into the current vehicular context.

Asides, vehicles are nowadays equipped with more and
more perceptual sensors to detect objects and physical ob-
stacles in their close vicinity. These sensors have been mostly
intended for forward collision warning, lane change assistance,
automatic park control, autonomous driving and more recently,
high-definition cartography [27]. Commercially available RA-
dio Detection And Ranging (RADAR) devices devoted to au-
tomotive applications, which operate in millimeter frequency
bands, can typically measure relative distances and azimuth
angles with respect to passive targets within accuracies of a
few decimeters and a few tenths of degree respectively, at
ranges up to 250 m and with refresh periods lower than 80
ms. LIght Detection And Ranging (LIDAR) devices, including

rotating 2D laser scanners, can detect points in the plane
within accuracies of a few centimeters and a few hundredths of
degree, at ranges up to 200 m and with refresh periods lower
than 50 ms. Finally, camera-based systems relying on pixel
analysis can also achieve centimeter-level ranging accuracy
at shorter ranges on the order of 10 m and with refresh
rates up to 60 frames per second. Combining range and angle
information thus enables unambiguous 2D relative positioning.
Even if the three standalone technologies cited above are
also subject to limitations (e.g., rainy/foggy/snowy weathers,
optical/radio obstructions, cost per unit for laser scanners,
etc.), they generally claim much better spatial resolution than
active wireless technologies.

Original Contributions: In this paper, a new implicit coop-
erative positioning (ICP) technique is proposed to improve the
GNSS-based vehicle positioning by sharing information and
enabling cooperation amongst vehicles through V2V commu-
nication links, while making use of on-board sensing devices
rather than active wireless technologies enabling explicit V2V
measurements. In particular, an innovative distributed process-
ing framework is proposed where a set of non-cooperative
features (e.g., people, traffic lights, trees, etc.) are used as
common noisy reference points that are cooperatively localized
by the vehicles and implicitly used to enhance the vehicle
location accuracy. A distributed Gaussian Message Passing
(GMP) algorithm is designed to solve the positioning problem,
integrating a Kalman filter to track the vehicle dynamics
based on the on-board GNSS measurements. Vehicles gather
noisy observations about the Vehicle-to-Feature (V2F) relative
locations by their on-board equipment (e.g., RADAR, camera-
based detector, etc.), where perfect association between vehicle
measurements and features is assumed as available. Then, they
reach a consensus on the features’ absolute locations by engag-
ing in a distributed cooperative estimation, which implicitly re-
flects on a more accurate vehicle positioning. A particle-based
implementation of message passing combined with consensus
has been proposed in [23], though not specifically for vehicular
scenarios; this approach however requires high computational
load and communication overhead. In this paper, we propose
a distributed Kalman filtering approach which enables a more
efficient implementation. Some preliminary results have been
presented in [28] for a static environment with fixed features.
Here the analysis is extended to include velocity information
of both features and vehicles, in order to handle highly
dynamic scenarios with mobile features. The ICP method is
derived analytically, together with the related performance
bounds for the ideal case of all-to-all connectivity, and it
is validated in a realistic road scenario. In particular, the
overall solution is first validated by simulation in a simulated
crossroad scenario for varying levels of V2V/V2F connectivity.
Then, the assessment of the proposed ICP algorithm is carried
out in a real urban area of Bologna city (Italy) with traffic
generated by using Simulation of Urban MObility (SUMO)
for mixed environment conditions. Numerical results show
that the proposed approach is able to significantly increase
the GNSS-based vehicle location accuracy, especially in urban
areas with high density of features and cooperative vehicles,
compensating the performance degradation that is typically
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Vehicular network with cooperative vehicles and non-cooperative

observed in these areas due to multipath and non-line-of-sight.

II. PROBLEM FORMULATION AND SYSTEM MODEL

Consider a set of N, interconnected vehicles V =
{1,...,N,}, deployed over a two-dimensional space as ex-

emplified in Fig. 1. Each vehicle ¢ € V has state xg) =

[pg\t/) vg\t/)T]T € R*!, defined as the joint set of the
position p( [pg)t, Pyi, t]T € R?*! and the velocity
5)? = [vm, v;ﬂi] € R**1. The state evolves over the time

t according to the dynamic model [29]:
x(y) = Ax{Y) |+ Baj, 1 +wiy) (1)

with
I, T,

A= s B = 2
[02><2 I }’ TIQ @

where A denotes the transition matrix, B the matrix relating
the vehicle state to the acceleration input a; ;1 € R**! here
assumed as known (e.g., from an accelerometer) T, is the
sampling interval and WiV) N(0, Ql ;. 1) the zero-mean
Gaussian driving noise.

The vehicular network is modelled as a time-varying con-
nected undirected graph, G, = (V,&;), with vertices V rep-
resenting the vehicles and edges &£; the V2V communication
links. Assuming the communication range equal to R, at each
vehicle, the edge setis & = {(4,j) € VXV : ||p5\t/)—pJ t)H <
R.}, with vehicles ¢ and j connected if and only if their
distance is lower or equal to R, (as illustrated by dashed red
links in Fig. 1) and with ||| denoting the Frobenius norm. The
set of neighbors that directly communicates with vehicle 7 € V

is denoted as J; ; = {j € V : (4, ) € &}, its cardinality (i.e.,

the vehicle degree) as d; ; = |7; ;| and the maximum degree
(over all vehicles) as A; = maxd; ;.

As illustrated in Fig. 1, the scenario involves also a set
F ={1,...,Ny} of Ny features (e.g., people, traffic lights,
trees, etc.), either static or mobile, which are non-cooperative
entities sensed by the vehicle’s on-board equipment (e.g.,
RADAR, LIDAR, camera-based detector, etc.) and used as
common noisy reference points for cooperative localization.
Note that features are defined as non-cooperative passive
objects since they cannot communicate with each other, or
with vehicles, and do not perform any computations and
measurements. At time ¢, the state of feature £ is X;Ft) =

®»T @

Pri »Ves |7 € R, defined as the joint set of the

position p,(c’t) = [pik)t, p;k)t]T € R?*! and the velocity

v = [vg(ci)t,vﬁ)t]T € R2?*!. The feature state evolves
according to the first order Markov model:

Xl(th) Axl(clj‘t)—l + Wgt)—la 3)

with zero-mean Gaussian driving noise W}S:Ft)—1 ~

N(0, th 1) Due to the limited sensing range Rj,

each vehicle i senses only a subset of all features given by
Fir ={k e F: ||p,(C p”|| < Rs} C F (see Fig. 1).
Note that in this analysis the focus is on passive objects,
but the framework can be easily generalized to handle also
non-cooperative active features, equipped with transmitting
devices or even combined with a subset of active cooperative
units, sometimes denoted as beaconing anchors.

At time instant ¢, the measurements available at each vehicle
for localization are the GNSS location fix and the V2F relative
location observations gathered for all the features within the
sensing range. The GNSS measurement of vehicle ¢ state is:

GNSS % GNSS v GNSS
Et )= pz(',t)"‘ Et ) = Px () z(‘,t )7 “)
where P = [I, OQXQJ is the 2 x 4 matrix selecting the
GNSS)

vehicle position, and n; ~ N (0, R(GNSS)) is the GNSS
measurement error [10,13]. The relative location measurement

pg\,?tF ) € R2*! made by vehicle 4 to its nearby feature

k € F; is modelled as:

Phir = a(Px) = Px( ) 4037 = (8ike) + )
(&)

where n%t )~ N (0, RE\,ZF )) is the measurement uncer-

tainty and the deterministic function q(d; %) models the
relation of the observation to the V2F relative position d;  ; =
p,(C t) - pg\;) Depending on the class of on-board sensors
detectmg the feature, the measurement may represent the V2F
range q(&;k,t) = |[i k||, the angle q(0;x,¢) = Z(dik,t), OF
the relative position q(d; x,:) = 9, 1¢. In this study, we focus
on the latest case assuming that both range and angle measure-
ments are available from on-board vehicle RADAR equipment.
This choice allows a more compact information representation
and deeper insight into the performance behavior (see Sec. III).
Nevertheless, the framework is general enough to include other

GNSS
classes of measurements. The measurement errors nl(-t )
(V2F)

and n, ,°, ’ are assumed to be mutually independent [22], and
also independent over vehicles, features and time. Note that in



this work perfect association between V2F measurements and
features is considered as available at each vehicle. A discussion
on the association problem can be found in Sec. VI-A.

III. CENTRALIZED ICP METHOD

In this section, we first define the overall set of GNSS and
V2F measurements available at each vehicle and gathered by a
fusion center for processing (see Sec. III-A). Then, we present
the centralized ICP approach for the joint estimation of vehi-

: ' ate | - W) L ®T"
cles’ and features’ state information 8, = |x; ' ,x;

RAN+N)XT with XEV) _ [XE,\;)]iev

[th)]ke 7 € R*Vsx1 being respectively the aggregate vehicle
and feature states at time ¢ (see Sec. III-B).

F) _

€ R¥WVexl and %,/ =

A. Data Fusion Model

GNSS GNSS V2F
Let ™) = [ € RV ana ) =

0 Nievarer,, € R2M*1 be the related GNSS and V2F
noisy observations collected by the vehicles at time t. The

V2F measurements are conveniently re-indexed as p(sz)

(Vzlf) 4 with m € M = {1,..., M} univocally identify-

ing the measurement made by vehicle i,, € V to feature
km € Fi,, + and M = vaz“l | F;.¢| denoting the total number
of V2F measurements. In the centralized ICP approach, all
the observations from vehicles are gathered by a fusion center
to synchronously estimate the overall dynamic state 6;. The
augmented measurement model is then:
(GNSS)
”vwﬂ (©)
n

GNSS ~
Pt = pg V2F ) = [ P
pi " M,

where H; is the matrix of the known regressors, with P=
In, ® P and ® denoting the Kronecker product. The matrix
M, = [M,,] is block-partitioned into M x N, blocks of
dimensions 2 x 4 defined as: M,,; = —P if i = iy,
M,,,; = 0 otherwise. Similarly, the matrix M; = [M,, x| is
block-partitioned into M x Ny blocks of dimensions 2 x 4
defined as: M,,, = P if k = k,, M,,, = 0 other-
wise. The Gaussian vector n; ~ N(0,R;) aggregates the

GNSS and V2F measurement errors, n§GNSS) =[n fNSS)]leV

(VaF) [n (V2F)]m€M respectively, and it has co-

m t
variance defined as R; = blockdlag(R(GNSS) R(VzF))
with combined GNSS and V2F covariance matrices as

R{“ = blockdiag RG>, .., REY) and R{YVY =

blockdiag(R(VQF) . ,Rg\\ft )), respectively. Note that the
(V2F)
=n,

im s Km, s

V2F sensing errors n
R(V2 )

V2F
ance matrices R( ) = ot are re-indexed as previously
discussed accordmg to the V2F measurement numbering.

O2n, x2N;
M, 0, +

H;

and n,;

, and the related covari-

B. Centralized Bayesian Tracking

Based on Bayesian filtering [30], the Minimum Mean
Square Error (MMSE) estimate of 8;, given all measurements

p1.. =1{p1,--.,p;} up to time ¢, can be computed as:
A(‘V)
p Xt
b= | = [oadpide.
X4t

O GNss

Fig. 2. ICP example with three vehicles and one passive feature. The
location accuracy for the vehicles (solid colored contours) and the feature
(dashed colored contours), based on stand-alone GNSS and V2F sensing,
is represented as 1-o error ellipse. The accuracy obtained by ICP (colored
ellipse) is significantly higher thanks to the cooperative localization of the
jointly sensed feature through V2V links.

") GNSS+V2F @ GNSS + V2F + V2V (ICP)

from the posterior probability density function (pdf):

P(O1lp10) < (p.10:) fo(6116:1)p(O11 1116
(®)

where o< stands for proportionality. Here, the likelihood func-
tion is p(p,|0;) = (pEGNSS)|x(V))p( (V2F) |0;) as GNSS and
V2F measurements are condmonally mdependent while the
transition pdf p(6:|0:-1) = p(x v)|x(v) )p(x F)|X(F) ) fol-
lows from the vehicle and feature mobility models respectively
in (1) and (3). Based on these assumptions, and recalling that
models are Gaussian and linear, the centralized ICP estimate
reduces to the Kalman filter [30]:

ét\t = ét\t—1+ct\thTRti_l (Pt - Htétlt—1> , )
where [9“,5,1 is the predicted state at time ¢ for all vehicles and

features, given the measurements collected up to time ¢ — 1:

~(V) - (V) s
P Xit—1 Axt 1e—1 T Bar
0t|t—1 = . (F) = (F) ) (10)
Xijt—1 Ax,” 1t—1
with A = In, ® A, IB = Iy, ® B, a1 = [ai4—1]icv
according to (1) and A = Iy, ® A based on (3). The

covariance of the centralized ICP estimate is:
A 1
Ct‘t = COV <0t‘t) = (Ctlt 1

where C,;_; is the covariance of the prediction:

—1
+HIR;'H) (12

c®

fi-1)s (13)

t|t—1°

Cyjo—1 = Cov (éﬂt_l) = blockdiag(CY)



V)
tlt—1 —

collectlng the prior covariances c!

(V)
CNv7t|t 1)

it—1]t— 1AT+
c®

tle—1
) gatherlng the prior covari-

= blockdiag(cm b

vy
itlt—1 = AC!Y

ta ; for all vehicles ¢ € V, and sub-matrix
blockdiag(C") ,c

1,t[t—10 " Y Ny t[t—1

= AC;Ft) 1e— (AT + th , for all features

with sub-matrix C

ances Ci:ﬂt =
ke F.

IV. DISTRIBUTED ICP METHOD

The centralized ICP solution is not practical for large-scale
networks: not only does a central computing unit constitute a
single point of failure, the central solution has a computational
complexity that scales cubically in the number of vehicles and
features. For this reason, here we propose a distributed solution
based on a combination of GMP and consensus algorithms.

The distributed method enables the sequential evaluation, at
each vehicle ¢ € V), of the marginal posterior pdfs p(x,g}t/) [p1.4)

and p(x,(th)| p1.), for all features k € F. However, the GMP
implemeritation is complicated by the fact that features are
passive objects and therefore they are not actively involved
in the estimation process. This means that each vehicle @
has to calculate not only its own belief but also all features’
beliefs using only communication with neighboring vehicles.
To address this challenge, we propose a novel consensus-based
GMP method that enables the cooperation between vehicles
for the distributed evaluation of all features’ beliefs.

An example of the proposed approach, and the related
benefits, is in Fig. 2 for a scenario with one feature jointly
sensed by three vehicles. The figure shows the localization
accuracy drawn from the local beliefs when vehicles rely
only on their own GNSS (solid colored contours) and V2F
measurements (dashed colored contours). On the other hand,
in the ICP approach vehicles engage in a V2V cooperative
localization of the feature and reach a consensus on the feature
location (black ellipse). This implicitly reflects on a significant
improvement of vehicle position accuracies (colored ellipses).

A. Gaussian Message Passing Algorithm

The posterior pdf (8) can be computed by marginalizing the
joint posterior pdf p(01.:|p;.,), being 61, = {61,,...,0;}
all vehicle/feature states up to time ¢. Taking into account
the conditional independence of the measurements and of
the vehicle/feature mobility models, the joint posterior pdf
p(01.¢|p;.;) can be factorized over vehicles and features as
in (11) at bottom of the page. In order to derive the GMP,
we first encode (11) as a Factor Graph (FG) [31] and then
derive the Sum-Product Algorithm (SPA) message passing
rules. The FG of the factorization in (11) for one time step is
depicted in Fig. 3, where the state of each vehicle and feature
is shown as a circle, while the factors are shown as squares.

For visualization purFoses and to simplify the notation, we

introduce h; £ )|x§\t/) 1 (i.e., vehicle state-transition

pdf) 2 = p(x, )|x,(€Ft)71) (i.e., feature state-transition pdf),

(pECjNSS)\x(V)) (i.e., the GNSS likelihood) and g;; £

p(pz(.\,/ftF \xk £ ,x ) (i.e., the V2F measurement likelihood).

If ‘the prior dlstrlbutlons of the vehicles and features are
Gaussian, if all measurements and state transition models are
linear in the state and have independent Gaussian noise, it can
be shown that all the messages in the FG are Gaussian [32].
Hence, the SPA reverts to GMP, which has several benefits
in terms of complexity and convergence [33]-[35]. In [34],
authors proved that if belief propagation converges in case of
loopy graphs, then the posterior marginal belief mean vector
converges to the optimal centralized estimate. Note that if the
linearity and Gaussianity conditions are not fulfilled, particle-
based approaches can be used, though these generally incur a
significant computational and communication cost.

At each time ¢, the GMP scheme provides approximate
marginal posteriors, which are represented by the beliefs of

the vehicles’ and features’ states, respectively bi7t(x§}t/)) ~

v F
p(xg’t)\plzt) and by, t(xfc t)) ~ p(xfm)\pl:t). Moreover, as
the considered FG has cycles, the GMP algorithm becomes
iterative. Hence, the beliefs of the vehicle node ¢ € V and

feature node k € F at GMP iteration n = 1, ..., Ny, are:
n), (F F n F
b (x1)) oy (60) T m;@%gx,&}), (14)
1€Vt
n) (V \% %
07 (x0y) o<t s, (e Y, (60 T ), (53,
kE]‘—Lt
(15)

with Vy, ; being the set of vehicles that acquire measurements
of feature k (assuming that the belief of feature k£ € F in (14)
is reset to a uniform distribution if the feature is not observed
by any vehicle i € V).

Note that the product of L Gaussian pdfs over the same
vector is also Gaussian (though not normalized) [31]:

L
HN(NbCE) X ./\/([1, é)a

(=1

(16)

with covariance C = (Y27, C;!)~! and mean i = C -

(25:1 C, 'p,). This observation plays a key role for the
evaluation of the beliefs in (14)—(15), computed as follows.
o Feature prediction message: The predicted state of feature
k is represented by the message:

F (F Nip) /. (F F
mz;c%xk(xl(ft)) /p(xkt)‘ X, t— 1) bgst 1)( Eet) Pdx 22 1
= N(Ap), Q) + ACD) AT),
)

(V)

zt’

GNSS)
z t’

o | [T px%

eV

Hp

t'=1

p<61:t|p1 it X, t' 1)27(

zt’

V2F) <«
) I vl e 1%y
keFi ¢

t
F), (F
H Xlg t)’ Xé,t>/1)>

t'=1
(1)

F F
X)) (H p(x)

keF
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Fig. 3. FG of the joint posterior pdf (11) for one time step, showing the states of two vehicles 4, 7 € V and two features k, m € F. Vehicles (delimited by
red dashed-dot lines) are active objects that cooperate through V2V links. Features (within blue dotted lines) are passive objects, not actively involved in the
GMP, that are estimated through consensus by vehicles. As V2V cooperation is implicitly performed through jointly sensed features, in the FG the subgraphs
associated to different vehicles are only connected by means of V2F measurements, e.g., by the thickest black arrows connecting vehicles 7 and j through
feature k.

in which uik‘;*}’f and Cék‘;"’l are the mean and covari-

ance of the feature behef at previous time instant, i.e.,
Nm F m m . :

b,(c,tfl) (x,(c’t)fl) = N( My, tpz,Czk ,pZ) (similar notation

will be used for other beliefs and messages).

Vehicle prediction message: The predicted state of vehicle

1 is represented by the message:

A \Y% op \%
Mh;—a; (Xv(j,t)) :/P( |XE t) 1) b( St 1)(X( t) 1)dxz(',t)—1

Y+ ACNm) AT,

Nmp
= ./\/'(Bam_l + A/,l,( ) Titon
(18)

Tit—1"7

in which ;LEQ ;“pl) and Cm, f‘pl are the mean and covari-

ance of the vehicle belief at previous time instant, i.e.,
Nump \Y% mp Nmp

bz(',tfl)(xg t) 1) N(“(L t— 1)7 C:(qu—l))

GNSS message: The message ms, 4, (xl(\t/)) is obtained
according to the ith GNSS measurement (4) and is a
degenerate Gaussian with infinite variance in the veloc-
ity domain as the GNSS device provides only position
information. Thereby, recalling that p(V) = ng\:) and
Pt = PT, the parameters fo, ... and Cs, v fulfill

the following relations: C; 1, . PTR(GNSS) and

Coliu b, o, :Cg_mPT (GNSS) . These parameters

will be considered for the computatlon of the message
below according to (16).

o Message from vehicle i to feature k: The outgoing

message at iteration n from vehicle state XEV) to factor

gir 1S obtained as:
n \Y% v
m(™ ( V) ( ))

My S ga Xt ) X M5, (X('V))mS'%w(Xi,t

% H m(—1) (V)), (19)

glm~>ac1 z,t
meF; \{k}

. . —1 \% . . .
in which m‘f,?m_zm,,(xgt)) is the incoming message

to vehicle computed as explained hereinafter. At BP
iteration n = 1, the outgom message is set to
g (x4))) 0 s, (6 m o, (x[). The
(n) (V))

message is again Gaussian, i.e., My, Hgm(xi’t

o Message from feature k to vehicle i:

N (uénLglk, Cg})ﬁgik), and it is then used to obtain the
incoming message from factor g;; to feature state xcht)
as follows:

!(]’:lk)‘)fl’k(xl(th)) ﬁ?(pE\IQZtF)‘th ’X(t))mgvnggik( o ))dxg\t/)'

(20)
Note that the above message is a degenerate density
with marginal pdf in the position domain Gaussian with
mean pf thF )+ Pu&?Lgik and covariance Rg\,?tF )+
PCz L¢P . No information is available in the ve-
locity domaln (as variance over velocity tend to infi-
nite). Thus, only the following parameters can be calcu-
lated: (C")_,,, )" =PT(R}} +PClL,, PT)'P
and (sz?;f%k) H.E]:LB—}Lk = (C.(g?k)_)l'k) IPT(PE,\;,%:F) +
Pu;?Lgik). These parameters are sufficient for the eval-
uation of the following message according to (16).
The outgoing
message from feature state x,(CFt) to factor g;j is:
m:(;)i)*)gik (Xg)) X Myy—xy, (XEth)) H métbk)—)zk XECFt))

1eVi, e\ {3}
1)

in WhiCh my}z)—mm (Xl(th)> N(Ng"rlzggzk7cfg:’lt)_>glk) NOte
that if vehicle i is the only vehicle that observes feature
k, the message is equal to the belief computed at the
previous time ¢ — 1. Now, the incoming message from
factor g;i to vehicle state XEX) is given by:

v V2F F F
m“(]?k)*)wi (XE t)) /p(pg,k,t )‘Xk t ’X( t))mgz)*h(]ik <X§€,t))dxl(c,t)'

(22)
Here, similarly to 20) we get that:
<C§’3,3%>*1 = PR + PCl,, PT)"'P and
n n _ V2F
<cg(,k)%> S = (CHe) TP (=l +
Puwk—hlhk)'

Note that the beliefs of features and vehicles (14)—(15), as well
as the outgoing messages (19) and (21), are all Gaussians with



mean and covariance that can be evaluated from the related
incoming pdfs based on (16).

Distributed implementation of the above GMP scheme
requires all feature and vehicle nodes to make local com-
putations, and exchange messages with neighbors. However,
features are non-cooperative passive nodes that cannot make
computations, neither can they communicate with vehicles.
To enable fully distributed location estimation under these
conditions, in the following we propose an average consensus
algorithm [36] that is nested into the GMP in such a way to
allow vehicles to evaluate the features’ beliefs without their
cooperation, by using only V2V broadcast communications.

B. Consensus-based Evaluation of the Feature Beliefs and
Outgoing Messages

The product of measurement messages at feature k

(n)
I I Mgy —a, th)
7€Vk +

ul™( xk t (23)

is needed for the evaluation of the feature belief (14) and the
outgoing message (21), which can be conveniently rewritten
as, respectively:

(F)

n F n F
b.gct) (ch t)) X Mz -z, (Xk it ) ( ) (Xi t)) (24
(F) (F) ug{;)( éFt))
mgﬂnk)%gm(xk ) XMy (X 7 ) L (25)
Mgip—xy (Xk o )

Unfortunately, as features are passive objects, they are not
actively involved in the GMP and they cannot merge the
incoming messages into (23). Messages can not even be
calculated by the vehicles individually; a cooperation between
them is needed using V2V communication links. Cooperation
enables each vehicle to evaluate all features’ beliefs, even in
case of no measurement between vehicle and feature.

Considering that all vehicles know the number of features
in the network, the message u'") (x,(th)) from (23) can be
expressed as a product over all vehicles:

u(") (XI(th)) H m

%

(n) (

Gik =Tk

(F))

Xy ¢ (26)

where each measurement message mgh A)Hmk (x§C t)) is defined

according to (20) if ¢ € Vj;, while for ¢ ¢ Vi, it is set as a
Gaussian pdf with covariance matrix tending to infinity.

Now, since u&k)(x,(ft)) x N (uuT) Cq(fik) according to
(16), both the mean u&m)k and the covariance Cgfi)k can
be expressed in terms of arithmetic average. Therefore, we
propose to employ the average consensus approach [36], based
on successive refinements of local estimates at vehicles and
information exchange between neighbors, to cooperatively
determine the first two moments of u!" (x,(CFt)) as detailed
in the following.

o Computation of Cgfi)k : We introduce a consensus variable

@1(7;:) for each value of 7, £ and n, that is initialized at

consensus iteration » = 0 as:
,:I)("L 0) _ (C(n)

1, Tk glk—>zk) )

27)

and subsequently updated according to the rule:

> (e -

J€Ti ¢

@(n r+1)

1,Tk

(I)(nr)+€

1, Tk

<I>(’”>) . (28)

1, Tk

We recall that jvi,t is the set of neighboring vehicles,
while the step-size 0 < ¢ < 1/A; is chosen to ensure

convergence [36] to the average 1/N, >, <I>l mk . Hence,
after N o, consensus iterations we get:
(n Ncon) 1 n n
i,xp F Z (Cf(hk)—mk) ’ (29)
Yiey
from which we easily find that:
ci ~ (N@le)) (30)

o Computation of p,&”)

(7)

: We again introduce a consensus

variable <I> for each value of ¢, £ and n, initialized

as:
(n)

0 _ (C(n) ) TR, (31)

1,Tk 9ik—Tk
and refined at iteration r according to the same rule as
in (28). Using the same reasoning, we find that:

(n, an)
[ Lk

(n) —

pi) =N,CJ) @ (32)

in which C{") was obtained through (30).
Once an agreement is reached and (30), (32) are computed,

each vehicle ¢ can evaluate the approximate marginal posterior
pdf of the feature k£ at nth GMP iteration, bént) (x,(th)) x
N (ui’z)t, C;nk)t) from (24), with mean and covariance com-
n F F

( )(Xl(c t)) and mz q, (Xl(c,t))

according to (16). Next, the message m&’igglk (xiFt)) x

N (ugpnk)ﬁgm ) C;’;Lgi . ) is obtained from (25), where the mean

and the covariance are given by:

puted from the moments of wuy

) = €L (O W () i)
—1\ !
et = (o) = (efn) )
(33)

The proposed method is summarized in Algorithm 1, where
the average consensus approach is nested into the GMP
scheme discussed in Sec. IV-A.

V. ICP PERFORMANCE ANALYSIS
A. Fundamental limits

In the following, we derive a lower bound to the cooperative
localization accuracy that is reached if and only if the N,
vehicles and the Ny features are in full sensing and commu-
nication view (i.e., for all-to-all connectivity). To evaluate the
vehicle positioning accuracy, we first derive the overall Fisher
Information Matrix (FIM), F, for the joint vehicle-feature state
6, and we then compute the submatrix of the FIM inverse,
Cie = F~1, related to the single vehicle location.



Algorithm 1 Consensus-based Gaussian Message Passing

1: At time ¢ = O Initialization:

2: vehicles i € V in parallel

3: initialize non-informative prior on vehicle p(x E 0))

4: initialize non-informative prior on feature p(x 3) Vk e F

5: end parallel

6. for t =1 — T do (time slot index)

7: vehicles ¢ € V in parallel

8 compute prediction messages mn; .z, (xi\g)) according to
the state-transition pdf as (18) ’

9: compute the message ms, o, (X; ) based on GNSS
estimated position as in (4)
10: comyute the initial outgoing message as

(V))

Mg (X)) =M, e, (X0 )0, S, (XL

11: end parallel
12: for n =1 — N, do (GMP iteration index)

13: vehicles ¢ € V in parallel

14: for k € F do

15: evaluate feature k measurement message
m$ .. (xiFg ) according to (20)

16: compute the measurement message product u<”) (x,(th))
as (30), (32) by applying consensus algorlthm (28)

17: update feature k belief b,i"t) (xff)) as (24)

18: compute feature k£ outgoing message
Mg, (X0 as (25) by (33)

19: end for

20: compute vehicle ¢ incoming message mfh ,2_,1 (x(v)) as (22)

21: update vehicle i belief b(">( E\t/)) as (15)

22: compute vehicle 7 outgoing message mgilgi ® (x(v)) as (19)

by applying (16)

23: end parallel

24: end for

25: end for

The total FIM can be obtained from (12), taking into
account H; and the block-diagonal structure of R;. After some
algebraic manipulations, we get:

D E
where the 4N, X 4N, matrix D = blockdiag(Dy, ...
has submatrices D; € R**#, i € V, given by:

aDNU)

RIGNsS)™!

WV~ T
D;=C +P it

i,t[t—1

+ > ROT P
kEF; .
(35)
The 4N, x 4Ny matrix E = [E;;] is partitioned into blocks
E;, e R4 i€V, k € F, defined as:

T (V2F) . -
B, — -P'R;;, P, ifke .7.-'m (36)
0, otherwise
Moreover, the 4Ny x 4Ny matrix G =
blockdiag(Gy,...,Gy,) is built from the submatrices

G € R4 Vk € F, such that:

(F)~ T
Gr=C, t‘t AP Y
1€Vt

V2F
R P. (37)
To simplify the analysis, in the following we assume
the prior covariance matrices for vehicle ¢ and feature k

as, respectively, Ci\;‘)t L= blockdlag(aé,vp)r Ig,ag\;)r I;) and

C{Y),_, = blockdiag(c{f) Tz, 0 ). In addition, we as-
sume the GNSS and VZF measurements as ii.d. in each
subset, with covariance matrices RZ(.SN = odnssI2 and

R%ZtF ) = 0%opIlo. In this case, the FIM submatrices in

(34) reduce to D = Iy, ® blockdiag(a(V)Ig,a(V)Ig) with

2

al\) = Ny/o3op + 1/0%) or S+ 1/0gxss and ofY) = 1/093’

G = INf ®blockd1ag(a(F)Ig aPLy), with off) = N, /035p+

1/0(1;)r and o) = 1/01(}:[)”, and E = —1/JV2F1viNf ®
PTP where 1y, xn, is an N, x Ny matrix of all ones.

The equivalent FIM (EFIM) for the vehicles’ states is given

by the Schur complement [37]:
FY) =D - EG'E"
=D — B(1n,xn; @ PTP)(1y,xn, @ PTP)T

a1y Oaxo | 3 T
=Iy®| P —Bly, N, QP P
N, |:02><2 a1, BLIN,xN,

(38)

with 8 = 1/(aPod,p), B = Ny3 and where we made use
of (1n,xn; ®PTP)(INf ®blockdiag(1/ag)12, 1/aP1,)) =
1/aP (1n,xn, @ PTP) and (1y,xn; ® PTP)(1n, xn, @
PTP)T = Ny (1n,xn, ® PTP). The inverse of the EFIM,
CE\;) = F(V)_l, represents the lower bound on the mean
square error (MSE) matrix of the vehicles’ position estimates
and it is of the form:

ML, 0
Y =Iye|% 2 22 iy v @PTP, (39)
022 o) I

where a simple association yields to 7 = (1/a{¥?)/(alY)/5 —
N,). Hence, the posterior covariance matrix of the position-
velocity estimate for any vehicle 1 is:

V) _ 1(7\,/1))ost12 O2><2 _ (0450\/)71 tml Oz
bl 0252 ,pos[IQ 02x2 o) Iy
(40)

where a;)vrl is the expected uncertainty if the features be-
haved as anchors, i.e., their locations were perfectly known
and thus o), =

Focusing on vehicle position only, after some manipulations

we get:

2
w2 1 < + Nt /0Gor >
p7p05t - (V) AV 2 AV F 2 .
Qp Ny/opor +Nt)/UéNss+0‘; )U\Q/QF/U((Z‘I%)

B. Performance Scaling

Based on the result in (41), we consider the following
limiting cases (see Appendix for derivation):

1) Large number of vehicles, N,, — oo:

(V)2 _ 1 1
O p,post vy = 3 )
ap Ny/oFop + 1/0;)\,3 + 1/‘7%1\155(42)

which is the accuracy reached when all features act as

anchors. Since each feature is observed by an infinite

number of vehicles, its location becomes perfectly known.
2) Large number of features, Ny — 00:

(43)



In this case all vehicles’ locations become certain, as
features behave like anchors, even if still ’virtual’ (i.e.,
possibly uncertain to some extent), provided that there
are many of them.

3) Small V2F measurement variance, 0%qp — 0:

st = : (44)
P,pos 2 2
Ny /g + Ny/odxss + Ni /oy

so the performance reaches a limiting value. When also
the features’ locations are perfectly known, i.e., U;()F,g: —
0, we get O;Yp);t — 0. It follows that good measurements
and good prior feature information are required to have
good positioning, when there are not many features, as
intuitively expected.

. . 2
4) Small feature prior uncertainty, aggr — 0:

2 1
U(V)

Pp,post vy (45)
Qp

which means that features are like true anchors.
. . . 2
5) Small vehicle prior uncertainty, U;Yp)r — 0, or GNSS
position uncertainty, O’%NSS —0:

(v)?

Op.post — 0.

(46)

In this case cooperation is not worth, as stand-alone
positioning at each vehicle is enough accurate.

VI. IMPLEMENTATION ASPECTS

In this section, we comment on implementation aspects
related to data association, V2V communication, complexity,
measurement synchronization and V2V latency.

A. Cooperative Data Association

Some form of data association is required for the imple-
mentation of the proposed cooperative localization approach.
In particular, each vehicle needs to associate its own V2F
measurements, gathered by the on-board sensing devices, to
the corresponding passive features to be able to localize and
track all the features in view. Several approaches are available
in the multi-target tracking literature [38]-[40], accounting
for the arrival of new features and the removal of features
no longer in view. In addition to per-vehicle data association,
vehicles must agree on a common set of features, to coherently
fuse their data about the features’ locations. Approaches for
this cooperative data association problem, namely multi-sensor
multi-target tracking (MTT) methods, exist as well [41]-[43].
In particular, in [42] the MTT algorithm is able to track targets
(features) sensed by multiple sensors (vehicles) by performing
an ordered estimation of target states and association variables
using belief propagation. This method could be incorporated
in the proposed ICP algorithm, but taking into account that
in our scenario all processing is distributed over the vehicular
network, and that both features and vehicles have unknown
positions.

Feature selection is an important issue to maximize the
localization performance. In particular, the set of features to be
included in the ICP processing should be selected by consider-
ing that: (a) quasi-static features have to be preferred, as they

can be estimated with higher accuracy and thus provide more
benefits to vehicle localization; (b) well separated (in either
distance, angle or velocity) features have to be preferred, as
they are easier to associate among vehicles; (c) features should
be classified (e.g., as poles, pedestrians, bicycles, cars) to ease
the data association, both locally and among vehicles. With
proper feature selection, a reliable data association should be
viable, at a cost of reducing the number of available features.

In this work we do not explicitly treat the data association
problem, but we rather assume that the local sensors can
provide unique semantic labels for each detected feature (e.g.,
for a camera sensor, this label could be of the form “person
with green jacket and blue trousers”), based on which the
proposed positioning algorithm can be performed. In that
sense, our algorithm provides a lower bound on the location
error for a more practical algorithm with data association.
This creates several challenges that must be addressed, but
are outside the scope of this paper.

B. Communication Overhead

Irrespective of the form of data association, the proposed lo-
calization method requires significant communication between
vehicles, as discussed below.

1) Cooperative data association: During this phase, vehicles
decide on which local feature identifier corresponds to
local feature identifiers of other vehicles. Each vehicle
can thus maintain a list of vehicles for each feature and
a list of features that it shares with other vehicles. Such
lists remove the need for all vehicles to keep track of all
features. Consensus-based methods can be applied [43].

2) BP iterations: Once each vehicle has knowledge of
features and associated vehicles that agree on the same
features, the BP iterations commence. Each BP iteration,
as shown in Algorithm 1, mainly consists of consensus
iterations. During each consensus iteration, each vehicle
broadcasts feature-related information. Each broadcast
would comprise transmitter ID, transmitter belief, feature
identifier per feature, feature belief per feature.

From the above discussion, it is clear that the total number
of broadcasts per vehicle is dominated by the consensus, and
thus scales as O(NmpNeon), Where Ny, denotes the number
of BP iterations and N, the number of consensus iterations
per BP iteration.

Considering a data rate of R bits/s, the time required for
communication is lower bounded by:

Ts > NmchoanNneiNb/R7 (47)

where N, is the number of neighboring vehicles and IV,
is the number of bits needed to describe the belief of a
feature. As an example, in the case of using the IEEE 802.11p
V2V standard, with R = 6 Mbit/s, Ny = 10 neighbors,
Ny = 20 features, N = 100 bits, and T, = 1 s, we find that
NmpNeon < 300, which is a reasonable number, as we will
see during the performance evaluation.

Remark: To reduce the communication overhead and delay,
the value of N, can be made adaptive. In our case, at vehicle

i, we stop the GMP iterations when Hugﬁjl) — ué?))t [l < Ymp



C(”Jrl)

and [|C{ITY — C(&,’}j{||1/2 < Ymps Vi € V, with vy, being

a threshold and p;;’, and CSJ}?t being respectively the mean
and the covariance of the ith vehicle belief bgz) (XE\;)) Sim-

ilarly, the value of N.,, can be made adaptive. In our case
1877 — @77 < eon and (|7 — B2 <
Yeon: Vi € V and Vk € F, with a threshold Yeon and ®;

) being respectively the variables used to determine the

i,xk
first two moments of ug,i) (X%F)) (26), needed for the evaluation
(F)
(%)

of the kth feature belief bfgn

(n.r) and

C. Computational Complexity

Ignoring the complexity of the data association, the per-
vehicle computational complexity of the proposed method is
relatively modest in comparison with the centralized approach
from Section III. In particular, the consensus iterations require
only additions of vectors, which scales linearly in the number
of features. In addition each vehicle must invert 2Ny + 1
covariance matrices of dimension 4 X 4, so that the total com-
plexity per time slot scales as O(Ny Nmp(Neon Ny +432Nf)).
In contrast, the complexity of the centralized approach is
dominated by the inversion of covariance matrices, with a total
complexity per time slot scaling as O((4N,, + 4Ny)3).

D. Measurement Synchronization and V2V latency

The proposed algorithm is built on the assumption that
all measurements are taken and processed synchronously.
However, rarely GNSS and V2F measurements at a given
vehicle on the one hand, and across different vehicles on
the other hand, will be isochronous. In addition, other fac-
tors in the VANET such as V2V communication latency,
difference between sensing and transmission times, uncon-
trolled and/or irregular successive transmission times!, and
even processing time, will further exacerbate this problem.
Temporal re-alignment of measurements at each ICP step is
mandatory and could be handled as follows. Assuming the
GNSS clocks are well synchronized, each vehicle can adjust
its local measurements to its transmission time. This is done by
applying a prediction step (typically, in the Kalman filter sense,
while adding local process noise), based on the feature/vehicle
dynamic models, with a time horizon equal to the time elapsed
between sensing and transmission. When the message is then
transmitted by the vehicle and received by a neighbor, the
recipient can adjust its own local measurements to the receive
time (or alternatively, both its local measurements and the
received data to any arbitrary forward point in time) so as to
perform fusion with all synchronized measurements. A similar
procedure can be applied to consensus iterations. Additional
techniques are available in the literature to deal with lack
of synchronization, such as out-of-order measurements (e.g.,

[14]).

'Depending on the underlying V2X communication standard, transmission
times may be event-driven (e.g., in case of sudden emergency break or
acceleration) and/or subject to drastic channel congestion control (e.g., their
rate may be contextually adjusted).

Considering the latency requirement of safety-critical ITS
applications and the repeated data exchange needed for co-
operation, ICP — as any other cooperative perception system
— is expected to rely on very-low end-to-end communication
latency. Current V2X standards (i.e., IEEE 802.11p/WAVE and
ETSI ITS-GS5) provide latency ranging from 100 ms down to
20 ms in the most demanding use cases, but a latency of 1-10
ms is envisioned for new-generation V2X systems supporting
connected automated driving [44], as well as within foreseen
5G modes possibly devoted to vehicular communications. A
very-low latency is mandatory also to guarantee a sub-meter
location accuracy, as fusion of outdated measurements (and
more generally, their lack of spatial coherence over time)
can easily reduce the positioning performance (e.g., 1-10 ms
corresponds to 2.2-22 cm for vehicles traveling at 80 km/h).

Assuming that ICP can rely on very-low V2V latency and on
a temporal re-alignment of measurements as above discussed,
beliefs can be re-synchronized to a common time horizon at
each message exchange, at the price of an increasing variance.
Clearly, as the time difference between the measurements are
taken or combined increases, data fusion becomes less reliable,
and the accuracy of ICP may start dropping. This imposes to
bound the total time required for V2V communication and
processing.

VII. PERFORMANCE EVALUATION

In this section the ICP performance is assessed in two
different scenarios. A cross-road area is first simulated in
Sec. VII-A with static features and heterogeneous positioning
conditions in terms of feature density and V2V connectivity.
This scenario is used to investigate the ICP accuracy for
varying number of features and vehicles, and also to validate
the analytical bound derived in Sec. V. A more complex
scenario is then introduced in Sec. VII-B, where vehicular and
pedestrian traffics are simulated over a real urban map using
the SUMO simulator. This use-case is considered to validate
the ICP method in more realistic traffic conditions, with mobile
features and vehicles using different types of GNSS device
with significant diversity of location accuracy.

A. Simulated crossroad scenario with mixed rural/urban areas

Settings. We first consider the crossroad scenario in Fig. 4
bottom-left map, where the total length of each road is 1.5
km and the center of the intersection is at position ¢ =
[750 m, 750 m|T. Lane and sidewalk widths are respectively
set to 3 m and 1.3 m. As illustrated in the three different
time frames at the bottom of Fig. 4, the scenario involves
N, vehicles, grouped in four clusters of NN, /4 vehicles each,
that enter at time ¢ = 0 from the four corners of the area,
drive straight ahead along their respective lanes and exit on
the opposite sides, crossing in the middle. Each vehicle drives
through three different areas: a rural area (first road section
of 300 m), urban canyon (the central section of 900 m) and
again a rural area (last 300 m). Since vehicles need some time
to enter/leave different areas, there is a transitory interval in
which different vehicles are in different areas, with duration
that depends on the specific parameter settings.
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Fig. 4. ICP performance in a crossroad scenario with N, = 12 vehicles driving through a 1.5 km x 1.5 km area. The scenario is pictured in the bottom
figures at time instant ¢ = 10 s (vehicles are driving through the rural area towards the crossroad), ¢ = 55 s (vehicles are crossing the urban canyon) and
t = 100 s (vehicles are back in the rural area). In the rural area only GNSS is available, while in the urban canyon Ny € {5, 20, 50, 200} features are jointly
sensed by the ICP-enabled vehicles to augment the GNSS performance. The violet box highlights the transition from one area to the other. In the top figure,
the ICP accuracy versus time is compared with stand-alone GNSS and with the lower bound for all-to-all V2V/V2F connectivity.

In terms of vehicle dynamics, for each vehicle we set the
initial velocity to v(()v) = 0 km/h. The mean acceleration a, ;
in (1) is initialized to 1.4 m/s? in the driving direction at
t = 0 and kept constant until the vehicle reaches a velocity
of 50 km/h, then it is set to O m/s? (i.e., the average driving
velocity is 50 km/h). Since vehicles move along roads, the
acceleration uncertainty in the direction of road, Oa; ) = 0.3
m/s2, is assumed to be greater than the one in the orthogonal
direction, 0, , = 10~* m/s®. Thus, depending on the driving
direction of the vehicle, the acceleration uncertainties along
x and y axes, respectively o, , and Oq,,;, are defined. The
sampling time is 7; = 1 s. The process noise covariance
matrix from (1) is set as QZ(-X)_I = BQZ(X)_IBT, with:

ng, 0
0 o2 |-

Qyq

A (V
Qz(',t)—1 = (48)
For positioning, in the rural area vehicles rely solely on
GNSS, while in the urban canyon they can also use features,
which are randomly deployed over the area. In this scenario,
features are assumed to be static, thus their mobility model

in (3) reduces to x,(ﬂFg = A:)c,(ft)_1 = x,(CFt)_1 as v,(ft) =

v,(ft)fl = 0 km/h. Note that in all the simulated methods,

vehicle dynamics are incorporated using either a Kalman filter
or the GMP.

The GNSS measurement covariance matrix at each vehicle
is RESNSS) = 0&nsslo, With oGnss = 2 m in the rural area and
ogNss = 15 m in the urban canyon. The V2F measurement

. .. (V2F) 2 .
covariance matrix is R, ,", ’ = oyypl2, with oyor = 0.5 m.
Finally, the communication and sensing ranges at each vehicle
are set to R, = 150 m and R; = 50 m, respectively. The
consensus step-size parameter is set to € = 0.99/A,, while
the threshold on the GMP and consensus convergence are set
0 Ymp = Yecon = 1072

In the following, the positioning performance is evaluated
through Monte Carlo simulations, in terms of (i) the root mean
square error (RMSE) of the position estimate and (ii) the delay
of the fix delivery (measured in terms of the number of GMP
iterations Ny, and consensus iterations Ncon). Three methods
are compared, namely the stand-alone GNSS, the centralized

and distributed versions of the proposed ICP method.

Numerical results. We first investigate the performance for
a fixed number of vehicles N, = 12 and a varying number of



features. Fig. 4 shows the position RMSE of the vehicles as a
function of time, for the three positioning methods. Snapshots
of the V2V/V2F connectivity are shown at the bottom for time
instants ¢ = 10 s (when vehicles are driving through the rural
area towards the crossroad), t = 55 s (in the urban canyon) and
t = 100 s (back to the rural area). Note that the exponential
decay of the RMSE in the first few seconds of simulation
results is due to transient effects. When vehicles use stand-
alone GNSS, a severe performance degradation is observed
as soon as vehicles enter the transition zone. The proposed
algorithm can counter this degradation, especially when many
features are available. The centralized and distributed ICP
methods, namely C-ICP and D-ICP, lead to nearly identical
performance, indicating that the proposed solution does not
suffer from cycles in the FG. Moreover, assuming all-to-all
V2V and V2F connectivity, the exact lower bound (dashed-dot
line), obtained from (12) for F; , = F and Vi, =V, V¢, and
the approximated one (dashed line), from (41), are evaluated
for Ny € {5,200}. For the latter limit, variances are computed
by approximating the prior/measurement covariances as diag-
onal matrices with entries determined as sample averages over
the two spatial dimensions (for both vehicles and features). It
can be seen that when the connectivity is high, a moderate
number of features and vehicles (respectively, 5 and 12) is
enough to obtain a centimeter-level accuracy. As predicted
from the theoretical analysis in Sec. III, if the number of
features is high, e.g., Ny = 200, the vehicle location accuracy
tends to zero (see (43)).

We now evaluate, for Ny € {20,200}, the impact of the
number of vehicles. In Fig. 5, the RMSE of the vehicles’
position estimate is shown versus time for N, € {5,12,32}
vehicles. It is clear that for a fixed number of features, more
vehicles bring clear benefits in terms of positioning accuracy.
In both Fig. 4 and Fig. 5, we note an RMSE valley around
t = 55 s. This is when most vehicles are in the urban canyon
and there is high connectivity with many visible features.

A detailed analysis of the connectivity is provided in Fig. 6.
The V2V connectivity (i.e., average number of neighbors at
each vehicle) is shown in Fig. 6-(a) and the V2F connectivity
(i.e., average number of visible features at each vehicle) is in
Fig. 6-(b), for a scenario with Ny € {20,200} features and
N, € {5,12, 32} vehicles . We observe that since vehicles all
start from the rural area and drive towards the urban canyon,
there is a high V2V connectivity between 45 s and 65 s,
which explains the behavior seen in Fig. 5. As highlighted
at the bottom of Fig. 4, at the beginning and at the end of the
observation time, there are four subgraphs (one per incoming
road) since R. = 150 m and vehicles are 450 m far from
the intersection when they enter in the urban canyon area.
On the other hand, in the proximity of the intersection all
subgraphs merge into a single graph. The connectivity grows
rapidly with the number of vehicles. For this connectivity to
be useful, also the number of shared visible features needs
to be sufficiently high. In Fig. 6-(b), we observe that this is
again the case between 45 s and 65 s, due to the combination
of two phenomena: a large number of connected vehicles
and a large number of jointly observed features. Both are
needed for the proposed algorithm to work well, as confirmed

Rural area

IS

)

Location RMSE [m]
N

0 10 20 30 40 50 60 70 80 90
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Fig. 5. RMSE of the vehicle position estimate versus time for the crossroad
scenario in Fig. 4, N, € {5, 12,32} vehicles and Ny € {20,200} features.
The performance of the proposed distributed ICP algorithm is compared with
both the stand-alone GNSS and centralized ICP approaches.

Rural area i Transition} Urban Canyon I Transitionfi Rural area
' 1 (a) V2V connectivity ' '
40 = T T T T T T
—N,=5 |, : 1 1
: : 1 :
—N, =12} : 1 :
220
Folnew | L
: : - '
1 1 1 1
c 1 1 ! ' . e 1 1
. ' 1+ (b) V2F connectivity ' '
00 ; i o ‘ : T i :
—N,=5 | 5 ! | [—N, =20
1
—N, =12] | ; ; Ul N, =200
Z0—N, =32 : i : 1
i i : i
i i i
| | i = e T |
. : i (c) N. of GMP iterations :
—N,-12] | RN ‘ ‘ R ==y
i i i
o ||—N,=32) ! !N, =200
= 5F ! X i 1
+ i
j H i
i i N
1 1 N\
0
i i(d) N. of consensus iterations. i
T T :
N1 ! \ : \ T T T : \ !—N,:ZO
£Ol—=N, =32 ! : Pl N, =200
Z20 i : : i ]
i ] i i
1 1 MemmmammmT e | '
| H H |
0 10 20 30 0 80 90 100 110

50 60
Time [s]

Fig. 6. Graph connectivity and number of iterations versus time for the ICP
algorithm in the crossroad scenario of Fig. 4, with N,, € {5, 12, 32} vehicles
and Ny € {20,200} features: (a) V2V connectivity, (b) V2F connectivity,
(c) number of GMP iteration and (d) number of consensus iterations.

by Figs. 4-5. While high V2V and V2F connectivity are
desirable, they come at a cost in delay. For the scenario
with N, € {12,32} vehicles and Ny € {20,200} features,
Figs. 6-(c) and (d) illustrate the number of GMP iterations
Nmp and consensus iterations Neon versus time, respectively.
We observe that the number of GMP iterations rises rapidly
when the vehicles enter the transition area, especially for a
larger number of features, and remains roughly constant until
they enter the second transition area. It is interesting to note
that IV, is relatively insensitive to the number of vehicles
and features. While Ny,,;, remains below 10 for all considered
scenarios in Fig. 6-(c), N¢on is generally larger (see Fig. 6-
(d)). Moreover, it can be noticed that the number of consensus
iterations increases around time instants 45 s and 65 s, i.e.,
respectively when the four subgraphs are fused into a single
graph and when the single graph splits in four subgraphs, due
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Fig. 7. Map of the Bologna scenario, Italy, with vehicles and pedestrians
are simulated over a 1.2km X 0.5km area. Each street is associated with a
different GNSS signal quality (see Table I). Map courtesy of Google Maps.

to the low connectivity between vehicles at those time instants.
In contrast to the GMP iterations, the number of consensus
iterations increases with the number of vehicles, but decreases
with the number of features. In fact, consensus convergence
rate depends on the graph connectivity which is related to the
number of features that connect single vehicles’ subgraphs (see
bold connections in Fig. 3). The results from Fig. 6 can be
used to evaluate the communication overhead of the proposed
distributed algorithm through (47).

B. Real urban scenario with SUMO-simulated traffic

Settings. To assess the ICP performance in a more realistic
environment, we use the traffic simulator SUMO [45], which
uses real city maps to generate synthetic traces of vehicles
and pedestrians. For this experiment, we consider vehicles
and pedestrians, constrained to the highlighted streets, in a
urban area of size 1.2km x 0.5km in the city of Bologna,
Italy (see Fig. 7). In particular, we generate 10 vehicle (thick
black line) and 20 pedestrian (colored line) trajectories (as
shown in Fig. 8) with sampling period Ts = 1 s. The traces
of the vehicles are synthesized according to a “Krauss car-
following” model, with maximum speed of 14 m/s (around 50
km/h), while the traces of the pedestrians are generated with an
“inter-trip chain” model which includes multi-modal profiles
(e.g., purely static, queuing while entering a bus, walking
on the sidewalk, suddenly turning to adjacent streets). The
maximum pedestrian speed is set to 1.4 m/s (about 5 km/h)
in our simulation. Each vehicle is assumed to equip a GNSS
receiver and, in order to account for the wide diversity in the
market, we assume four types of GNSS receivers [46]. Three
vehicles are assigned a Standard Positioning Service (SPS)
receiver whose position estimates have a standard deviation
of ggnss = 3.6 m, three other vehicles a Satellite-Based
Augmentation Systems (SBAS) receiver with ognss = 1.44
m, two vehicles a Differential GNSS (DGNSS) receiver with
oonss = 40 cm and the last two vehicles a RTK receiver
with dgnss = 1 cm. Moreover, since the GNSS accuracy is
also sensitive to the surrounding environment, we model four
types of environments which affect the quality of the GNSS
differently, as shown in Table I. The third column of the table
indicates how much the standard deviation of GNSS mea-
surements is incremented with respect to their nominal value

051 @ Vehicle’s initial position
— Vehicle’s trajectory
r| A Feature’s initial position (different colors)

— Feature’s trajectory (different colors)

0.3f

Fig. 8.

Superposition of 10 vehicle (thick black line) and 20 pedestrian
(colored line) trajectories simulated by SUMO for 200 s in the Bologna
scenario of Fig. 7.

TABLE I
GNSS QUALITY ASSOCIATED TO EACH AREA OF THE BOLOGNA’S
SCENARIO IN FIG. 7

Area  Street Environment GNSS conditions

Al Via Tolmino
Viale G. Vicini

Nominal
oGNss = 10GNss

Open sky, large road
with 3 by 3 lanes, scat-
tered med-size buildings
A2 Via Sabotino
Viale A. Silvani

Some blockage, narrow
road, 3 lanes, scattered
medium-size buildings
Ultra narrow road,

2 lanes, urban canyon
Ultra narrow road,

2 lanes, urban canyon

Slightly degraded
OGNSS = 20GNss

A3 Via San Felice Severely degraded
OGNSS = STGNSS
Lost

oGNss = 200GNss

A4 Via San Felice

ognss- The simulated traces are used to determine the ground-
truth reference, to calibrate vehicle/feature mobility models
and to produce synthetic erroneous measurements. Tracking
is performed by using the mobility models of vehicles and
features respectively in (1) and (3). The standard deviation
of V2F sensing is set to oyor = 0.1 m (as representative of
RADAR accuracy [46]). The communication range at each
vehicle is set to R, = 200 m, while the sensing range
R, is assumed to be lower and varies through simulations.
Numerical results. Fig. 9 shows the cumulative distribution
function (CDF) of the vehicle location error. The proposed
distributed ICP method (red dashed line) is compared with the
centralized ICP (blue solid line) and the stand-alone GNSS
(black solid line) solutions, for sensing range R, = 100 m
and for different GNSS receivers: Figs. 9-(a) SPS, (b) SBAS,
(c) DGNSS and (d) RTK (with cm-level accuracy). Results
show that the distributed ICP algorithm achieves sub-meter
accuracy for 75% of confidence level in all four cases and
outperforms the stand-alone GNSS solution, even when RTK
receiver is used though with a small gain. Moreover, the
proposed distributed method attains the centralized approach.

In Fig. 10-(a), performances in terms of CDF of the location
error are illustrated for different GNSS qualities associated
to each street/area (see Table I). As expected, performance
improvements are observed when the distributed ICP (dashed
line) method is used with respect to the stand-alone GNSS
(solid line) one. Fig. 10-(b) shows the CDF of the vehicle
location error for the distributed ICP method with different
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Fig. 9. CDF of the vehicle location error for the Bologna’s scenario in Fig.
7, for the distributed (D-ICP) and centralized (C-ICP) cooperative methods
and the stand-alone GNSS solution with four types of GNSS receivers: (a)

SPS for vehicles : = 1, 5,9, (b) SBAS for vehicles i = 2,6, 10, (c) DGNSS
for vehicles ¢ = 3,7 and (d) RTK for vehicles ¢ = 4, 8.
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Fig. 10. CDF of the vehicle location error for the Bologna scenario in Fig. 7,
for the distributed ICP and stand-alone GNSS. Positioning accuracy (a) over
different areas for Rs = 50 m and (b) for Rs = 50 m and Rs = 100 m.

sensing ranges, Rs = 50 m and R; = 100 m (respectively,
dashed and dashed-dot lines), compared with the stand-alone
GNSS (solid line). For 50% of confidence level, the ICP
approach achieves a location accuracy of 0.46 m for R; = 50
m and 0.23 m for R, = 100, while the stand-alone GNSS
accuracy is 2.65 m.

Zoomed view of Bologna city over the intersection between
Viale Sabotino (area 2) and Viale G. Vicini (area 1) is shown
in Fig. 11. Here, the average performances are evaluated
by computing the 2 X 2 mean square error matrix of vehi-
cles’ position estimates at convergence, MSE = E[(f)g\t/) -
pf\t/))(f)g\t/) - pg))T], over 100 independent observations, for
both the distributed ICP algorithm (red ellipse) and stand-alone
GNSS method for different types of GNSS receivers (coloured
contours). For visualization purposes, the error ellipses at
98.9% confidence are plotted around the mean vehicles’ posi-
tion estimates. The V2F and V2V connectivities are also given
(respectively black solid and grey dashed-dot lines). Results
show that all vehicles improve their position accuracy by using
the ICP method compared to the performances obtained by the
stand-alone GNSS solution. Note that the location accuracy
given by the proposed ICP algorithm is not uniform among

Area 2
0.2F ]
€
=
| .,/@"”
0.1 DGNSS ]
1.05 [km] 1.15
o Vehicle’s position -+ = V2V connectivity O GNSS
A Feature’s position —— V2F connectivity O D-ICP

Fig. 11. Localization accuracy for the Bologna scenario of Fig. 7 over areas
1 and 2 at time ¢ = 137 s, for sensing ranges Rs = 50 m: distributed ICP
(red ellipse) and stand-alone GNSS (colored contours based on receiver type).
Zoomed view over the intersection between Viale Sabotino (A2) and Viale
G. Vicini (A1). Map courtesy of Google Maps.

vehicles as it depends on the type of GNSS receiver, on the
GNSS signal quality in the area in which vehicles are traveling,
but also on the vehicles’ and features’ positions.

VIII. CONCLUSION

In this paper, a novel framework of cooperative positioning
in vehicular networks was proposed, in which vehicles had
to estimate a set of common passive features in a fully
distributed way to improve the GNSS-based vehicle posi-
tioning. Starting from a FG formulation of the positioning
problem, we developed a distributed Gaussian message passing
algorithm that employed a consensus-based scheme for the
distributed estimation of the features’ positions. Simulation
results demonstrated that the proposed methodology can accu-
rately estimate the features’ positions and (implicitly) improve
the vehicle positioning accuracy compared to the stand-alone
GNSS solution. Moreover, the ICP method was validated in a
real urban scenario using the SUMO traffic simulator.

The framework made several limiting assumptions. First
of all, the assumption of a linear measurement model can
be removed by considering arbitrary non-linear models with
non-parametric (e.g., particles) or parametric (e.g., Gaussian
mixtures) message representations. Secondly, the assumption
of perfect data association can be removed by including the
data association problem in the FG. Investigation of these
issues is a topic of further research.



APPENDIX
Based on the result in (41) and recalling that ofY) =
Ni/odor+1/ 01(1\7’1}: + 1/0&yss» the limiting cases considered
in Sect. V are derived as follows:

1) If N, — oo, (42) is given by:

(V)2 2
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2) If Ny — o0, (43) is obtained as:
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