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Abstract—This paper explores the potentialities of deploy-
ing vehicular Cooperative Positioning (CP) systems in urban
scenarios utilizing real-world data collected via experimental
campaigns. We examine the case of two prototype vehicles
equipped with LiDAR sensors for perceiving their surrounding
environment and with Global Navigation Satellite System (GNSS)
receivers for positioning. The considered use case focuses on
the cooperative detection of static landmarks, to be used for
improving the vehicles’ GNSS positioning. The experimental cam-
paign points out a severe degradation in ego vehicle localization
performances due to complex multipath propagation experienced
in the urban scenario. To cope with such a problem, we integrate
into the CP system a compensation method able to mitigate the
position bias originating from the adverse propagating condi-
tions. Experimental results show that integrating the developed
compensation into the CP solution enables an accurate detection
of the landmark positions, leading to an enhancement of the
vehicle localization accuracy.

Index Terms—Connected Automated Vehicles, Cooperative
Positioning, LiDAR sensing, Global Navigation Satellite Systems

I. INTRODUCTION

The emergence of Connected Automated Vehicles (CAVs)
heralds a new era characterized by unprecedented levels of in-
telligence, sustainability, and safety [1]-[4]. One essential key
for the rollout of CAVs is the requirement of accurate vehicular
positioning to ensure dynamic environment adaptability [5]-
[11]. Global Navigation Satellite System (GNSS) provides pre-
cise positioning, navigation, and timing information worldwide
by exploiting a network of satellites in orbit around the Earth.
GNSS Single Point Positioning (SPP) [12], [13] determines
the position of a single receiver using satellite signals without
any correction, while Satellite Based Augmentation Systems
(SBAS) [14], [15] enhance positioning accuracy by providing
additional correction signals to GNSS signals. Even though
these currently represent the most commonly adopted solutions
for positioning, their employment in dense urban environments
is hindered by adverse satellite visibility and by multipath
propagation conditions [16]-[18]. To augment positioning,
some supplementary sensors have been incorporated, such as
Inertial Measurement Unit (IMU), speedometer or steering
angle, and sophisticated GNSS/Inertial Navigation System
(GNSS/INS) solutions have been explored over time [19]-[23].
An alternative solution that complements GNSS is represented
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by Cooperative Positioning (CP) systems which improve the
localization accuracy thanks to the coherent fusion of imaging
and positioning measurements collected by multiple networked
vehicles [24]-[27].

Recently, LiDAR-based CP approaches [28]-[36] have been
gaining popularity thanks to the increasing penetration of
LiDAR sensors on the vehicular market and their outstand-
ing environmental sensing capabilities. In [28], the authors
propose a decentralized data fusion approach that merges
GNSS, LiDAR, and HD maps for improving the positioning
performances, while [29] develops a cooperative Simultaneous
Localization and Mapping (SLAM) approach for enhancing
vehicle pose estimation. Cooperative mapping approaches are
studied in [30], [31] where local LiDAR maps gathered from
multiple vehicles are combined in a unified manner, while
Machine Learning (ML)-based cooperative sensing techniques
are explored in [32]-[34]. Finally, the works in [35], [36]
investigate data association approaches for cooperative per-
ception based on LiDAR sensors. Implementing CP methods
based on LiDAR in real-world scenarios presents notable chal-
lenges. The foremost obstacle arises from multipath interfer-
ence in urban environments, leading to signal degradation and
compromised GNSS localization performance. A secondary
challenge stems from the intricacies involved in processing
point clouds across diverse LiDAR resolutions and attaining
precise calibration for a range of onboard sensors.

This paper explores the potentialities of deploying LiDAR-
based Implicit Cooperative Positioning (ICP) systems in real-
world urban scenarios. ICP introduced in [37]-[40], which ex-
ploits the detections made by multiple vehicles about possible
landmarks present in their surroundings to improve positioning
accuracy without exchanging raw images/point clouds with
other road units, e.g., Road Side Unit (RSU) or vehicle.
Thereby, the privacy of road users is maintained, and the need
for a low data rate is fulfilled. To highlight the challenges
associated with deploying ICP using real-world data, we
conducted several experimental campaigns with two prototype
vehicles: each equipped with a LiDAR sensor and two GNSS
units (one based on SPP exploiting SBAS, when available,
and one integrating Real-Time Kinematics (RTK) corrections
used as ground-truth) in an area reproducing common urban
characteristics, comprising a large green area with trees at one
end and buildings at the other. This geometric configuration
influences satellite visibility therefore, the position accuracy
provided by the SPP-based GNSS system varies widely ac-
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Fig. 1. Vehicular ICP scenario with the connected vehicles and three jointly

sensed (passive) anchor points.

cording to whether SBAS is used or not. The data collected
via the experimental campaign shows that severe positioning
accuracy degradation is experienced in the urban scenario
due to Non-Line of Sight (NLOS) propagation experienced
by the GNSS receivers, making SPP inaccurate and also
ICP partially less effective. To overcome this challenge, we
propose compensating for the NLOS bias via a Bayesian
tracking filter that jointly tracks the vehicles’ position and
the NLOS bias over time. Experimental results show that the
developed Bayesian filtering solution substantially enhances
the positioning estimate provided by the SPP-based GNSS
unit. Besides, its integration into the ICP framework is shown
to be beneficial for reducing vehicle positioning uncertainty.
The remainder of this paper is organized as follows. Sec. II
introduces the system model for the considered CP positioning
approach. Sec. III details the overall CP method outlining
the object detection, the Bayesian filtering solution with bias
compensation, and the cooperative fusion scheme. Sec. IV de-
tails the experimental campaign and provides the localization
performance assessment. Finally, Sec. V draws conclusions.

II. SYSTEM MODEL

According to the ICP framework, we consider the vehicular
scenario depicted in Fig. 1 where a set V = {1,..., Ny} of
Ny vehicles move in a 2D area. Each vehicle v, with v € V,
is compactly described by its state x,(JYt) = [ug\’?, vat)]T where

7(1\? and vf)\ft) are the 2D position and 2D velocity, respec-
tively. We assume that the vehicle state evolves over time

following a nearly constant velocity motion model defined as
X = Fx) o +Layy (1)

where F = [12 TSIQ ;02><2 IQ] and L = [05T32]:2 ;TSIQ],
T, the sampling interval, while qq(:/t)_l ~ N(0,I02 ) is a
zero-mean Gaussian random variable with standard deviation
o,,u modeling the acceleration uncertainty of the v-th vehicle.
While moving in the driving environment, vehicles are able to
detect objects via a dedicated object detection method (see
Sec. III-A), termed as Grid-based Spatial Detector (GSD).
These detections are then used by ICP for positioning re-
finement. The set of detectable (static) objects all over the
scenario is denoted as O = {1,..., No} with cardinality No.
Each object o € O has an associated state x(oot) = ugot) which
is described only by the 2D position. The position evolution

of each ob;ect state follows a static motion model, namely
x©@ — x© as only fixed obj idered.
Xodl =Xp {15 y fixed objects are considere

As far as the localization measurements are concerned, each

vehicle v € V is equipped with a GNSS unit whose output is

Pl =T +myy, 2)
where T = [I3,02x2], while nE,Yt) ~ N(0,107 ;) is a

zero-mean Gaussian random variable with standard deviation
012}713 characterizing the GNSS position accuracy of the v-
th vehicle. Instead, the detected objects vary over time ac-
cording to the LiDAR sensing range R, and their visibility.
Specifically, at time ¢, the set of detected objects at vehicle
vis Oy = (k€ 0 : [ul) — x| < R} C 0.
This set is obtained by applying GSD over the point cloud
Poi=[Puit--- 7pv’m’t]T of Ny points collected by vehicle
v at time t. GSD provides at the output a set of measurements
pg‘t) = E)L())t 02”1"‘ that refer to the 2D position of the
detected objects (in the LiDAR frame of reference) and are
defined as

p'E)L()) t— XE)LI‘) + ngj};,t ’ (3)

L . . :
where nggt ~ N(0,Iy0f) is a Gaussian random variable

with standard deviation o1, accounting for the combined error
originating from GSD and the point cloud. For positioning
refinement, the GSD measurements are converted from the
local LiDAR frame to a global one. To do so, each element
in the measurement set pJ‘E is projected as follows

G) ~(L)

pvot_thpvot_ 'EJGo)t—i_n(G) (4)

where pg)(),t = [pSJL())t,l]T, XE)GM is the object position in
global reference frame and nq()vat ~N(0,07R, R} ;) is the
noise with
cos(ayy) —sin(ay) tog
R, = [sin(a,;) cos(ayt) oy 5)
0 0 1

where t, , and t, , are the displacement between the LiDAR
and GNSS unit over the x and y axis at the v-th vehicle
while «, ; the yaw angle. The yaw angle is estimated for
each vehicle v € V starting from the velocity provided by the
motion model in (1) as

v v
( 1() f)r/vq() t),y) (6)
and then smoothed out employing a moving median filter. Note
that more advanced strategies could be used to get a better

estimation of the yaw angle by incorporating IMUs in the
vehicular setup [41], [42]. After the pI‘OJeCtIOH stage, the set

Qyp = tan

of available measurements at vehicle v is pv t ={ pff’g 1t}lo“ !
where each element is
0 G G
pigt—Pigt—m(,Vt)—X ) ()"’ 7(J(3t @)

which is used by ICP to refine the vehicle positioning. It is
important to highlight that detected objects on LiDAR point
cloud must be projected based on the mounting positions of
LiDAR and GNSS antenna.



III. COOPERATIVE POSITIONING APPROACH

This section briefly reviews the overall ICP paradigm ex-
tended to counteract GNSS measurements affected by multi-
path propagation. Specifically, in Sec. III-A, we introduce the
developed object detector, namely GSD. Then, we describe
in Sec. III-B the proposed bias compensation method and its
integration into ICP (Sec. III-C).

A. Grid-based 3d object detection

Unlike conventional ML-based detectors, GSD aims at
extracting the positions of the objects via suitable processing
of the LiDAR point clouds without requiring any labeled data.
By doing so, we aim to provide an effective detector that is
potentially applicable to any driving environment and does
not suffer from large performance drops when the scenario or
the spatial resolution of the LiDAR sensors is changed. This
is a common problem encountered in ML-based 3D object
detectors that it is still an active area of research [43]-[46]. In
what follows, we break down the main operations performed
by GSD and describe how the bounding boxes are generated.

The goal is to detect any commonly detectable anchor point,
including compact road elements, e.g., road cones, tree trunks,
pedestrians, trash bins, and poles. To do so, GSD seeks to
recognize isolated point clusters by leveraging changes in
point density within the scene. The block diagram of GSD is
shown in fig. 2. The process begins by embedding a reference
(anchor) point cluster, which is a spherical sparse point cloud,
at a dynamically chosen known location in order to reduce the
error, i.e., segmentation into grids, introduced in the following
steps. It is followed by the elimination of redundant points that
are outside of the desired area. This area should be chosen
according to road-sideway arrangement that varies between
cities. If there is no preference for observation, this step can be
skipped for the cost of increasing computational burden. After
filtering the redundant points, the ground layer is removed,
and outlier elimination is performed as in [47]. This filtering
is significant for lightening the rest of the process. The next
process is to project the filtered point cloud onto the zy plane
and create a 2D density map. This transformation is a vector
operation and is a candidate to be the bottleneck for high-
density point clouds. A density map allows the programmer
to observe the scene while taking advantage of the required
domain expertise and further eliminate rambling points by
filtering according to the density of each segment. The heart
of GSD is a density-based clustering method referred to as
Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) [48]. The algorithm groups nearby data points
into clusters, designating certain points as idle if they fail
to meet the criteria for cluster membership. GSD assumes
that objects are well separated from each other and other
entities. Considering this assumption, large clusters, such as
walls, buses, and cars are neglected. The remaining clusters are
considered road elements, and their 2D locations are calculated
by averaging on the 2D voxel map. Finally, the embedded
point cluster is exploited to eliminate processing errors. This
operation has been repeated by finding the minimum distance

between the closest detected object and the reference cluster.
Occasionally, the filtering processes have removed the anchor
cluster, which results in the failure of the optimization phase,
which is the process of compensation for the shift that happens
during segmentation. To overcome this issue, the anchor
cluster shifts randomly to another location until either the
optimization procedure completes properly or the repetition
number reaches five.

B. Bayesian filtering with multipath compensation

Under urban scenarios, GNSS signals might be shadowed
or completely blocked due to poor satellite visibility giving
rise to ranging bias due to multipath. To overcome this
problem, we propose to employ a Bayesian filtering approach
to compensate for the bias. Specifically, we extend the model
introduced in (1) to account for possible position biases present
in the GNSS measurements. The new model is

siyi = Ksii\_, +Pw), (8)

v,t T

where SEJ\Q = [x,th)T, bﬁYQ]T where vat) is an additional state
that contains the bias caused by NLOS propagation over
the = and y axis, while wi\’/t)fl ~ N(0,W) where W =
blkdiag(o? Iz, o7 gIa) with o, g being the standard deviation
modeling the uncertainty on the GNSS bias. Matrices in (8) are
defined as K = [FO4><2;02><4:[2} and P = [L04><2;02><212]-
Besides introducing an explicit bias formulation in the state
evolution, we modify the modeling related to the GNSS
measurements to account for possible NLOS impairments.
Accordingly, we have

P = Bsiy +nlY) ©)
where B = [I505x2I5] while ng\)? is the same noise defined
in (2). All the other modeling detailed in Sec. II to extract the
object location measurements remain unchanged. To estimate
the state sfj\ft) over time, we resort to a Bayesian tracking
algorithm. Considering that all models are linear and the noise
distributions Gaussian, the state can be estimated using a
Kalman Filter (KF) whose solution is

A(V A(V A(V
sg,t) = Si,t)\tfl + Gy (Pivi - Bsfj,t)\t—l) (10)
(KP) _ (KP) (k)
i =it - G,BclY, (1)
-1
where G, = C\f" BT (BC({" BT +02,1,) s the

™)

Kalman gain while s is obtained by applying the motion

Jtlt—1
model in (8) over the previous estimated state éi\_])ll i1

C. Cooperative positioning solution

After compensating for the NLOS effects experienced by the
GNSS, the ICP takes as input the bias-compensated measure-
ments and enhances the positioning performances thanks to
the coherent combination of multiple measurements gathered
across interconnected vehicles.

Let 6; = [x(v) xff” ]T represent the fused state merging all

. & V)
the vehicles ¢, ' = [x

—

't lvev and all objects XEO) = [Xo,t]oco

<



Masking

it Denoising & Embedding 2D Map Densfr;: Based Cluster | Object
~—+ Reference Point —» Creationand — Clusteringand — averagingand — >
Cloud Ground : 2 S | Locations
Cluster filtration filtration Optimization
Removal
v NN e
e I A \) -
iy T Ny B .
0 |
Lo (D |
W .
)l

Fig. 2. GSD network overview.

states. Similarly, we define the overall set of measurements
as p, = [Z)EV) p§°) |T where p(V) [pf, t)]vEV collects the
corrected GNSS measurements from all Vehicles which are

evaluated as
~(V) V)

A%
vt T p'u t bt(z,t) (12)
where Bivt) is obtained from the state estimates provided in

(10). On the other hand, p(o) [pff’o) tloev,oco, , aggregates
the measurements about the detected objects The overall set
of measurements can be explicitly written as

p, = H:0; +ny, (13)

where H; is

computed as in
n{"" n{”")"

[37], while n, =
with n(V) = [n, v )]vev and n(o)

[nq(fo)7t]oeo. The noise is n; ~ N(O,Et) where X; =
blkdiag(o7 pla, . .., 0%, pl2, ot Ry Ry, ® Iy,). To estimate
the overall state, we resort to the Minumum Mean Square
Error (MMSE) criterion which reduces to a cooperative KF
as all the noise statistics are Gaussian and the models linear.

Formaly, the MMSE estimate is given by [37]

~ ~ C ~
0t =041 + CE‘It P)HTE (Pt - Ht0t|t—1) , (14
where ét‘t_l is obtained by propagating ét—1|t—1 according
to the motion models presented in Sec. II while the covariance

Cﬂtc ) is evaluated as in [37].

IV. EXPERIMENTAL RESULTS

This section assesses the developed method in a real-world
scenario. In Sec. IV-A we describe the vehicles’ setup and
the data collection process adopted. Then, Sec. IV-B and Sec.
IV-C present the results characterizing the performances of the
object detection step and the overall ICP algorithm.

A. Vehicle Setup and Urban Area

The scenario considered in this work consists of two proto-
type vehicles traveling toward each other in different lanes and
approaching a crosswalk where the test obstacles remain sta-
tionary. Vehicles are shown in fig. 3. The first vehicle (Vehl),

is a small full electric bus commercially used as a first and last-
mile solution or a shuttle in airports and universities; the one
owned by our research group has a custom setup, elaborated
in [49], for scientific research. The other vehicle (Veh2) is a
quadricycle vehicle specifically instrumented by our research
group. Its main mechanical and electrical characteristics are
reported in [50] along with its sensor setup. Each vehicle
is equipped with two independent GNSS units developed by
Swift Navigation. One of these GNSS units is augmented by
RTK correction via Internet Protocol (IP) to keep a record of
the Ground Truth (GT) positions of the vehicles. GPS-702-GG
and GPS500 antennas serve the RTK-corrected GNSS units
on Vehl and Veh2, respectively. The remaining GNSS units
gather data for enhancement through the proposed method,
receiving GNSS and SBAS messages via mini survey receiver
antenna GPS500 and MIKE3A antennas on Vehl and Veh2.

The GPS-702-GG and GPS500 antennas have low antenna
gain. Here, the drop in signal level is compensated by a high-
gain Low Noise Amplifier (LNA). The other antenna, Siretta
MIKE3A, is relatively cheaper and more accessible with a
higher antenna gain. This difference between the two antennas
has a direct impact on satellite visibility and causes SBAS
services for the second vehicle to be unavailable for a period
of time due to an obstructed sky condition.

The other sensing component used by the vehicles is the
LiDAR sensor. The LiDAR sensor deployed on Vehl is a
Velodyne Puck (VLP-16) [51] that has 16 channels and 125K
points per second point cloud density. On the other hand, Veh2
has Hesai Pandar XT32 with 32 channels and 250K points per
second point cloud density [52]. It is important to highlight
that detected objects on LiDAR point cloud must be projected
based on the mounting positions of LIDAR and GNSS antenna.
Table.l summarises vehicles’ instrumental setups.

B. Data Acquisition and Interim Outcomes

The measurements are recorded locally in each vehicle
through Robot Operation System (ROS). This data is then
transferred to a computing unit. This artificially realizes the
situation where vehicles are connected to the central compu-



Fig. 3. Prototype vehicles with Vehl on the left and Veh2 on the right.

TABLE 1

VEHICLE INSTRUMENTATION

Fig. 5. The projected point cloud of test objects onto camera imagery.

TABLE I
THE IMPACT OF THE POSITIONING SOLUTION ON OBJECT DETECTION AND
ASSOCIATION.

Object GT Pos
Veh GT Pos
* Wehl Meas Pos
* Va2 Meas Pos

-0 o 10 20 0 40 50

Fig. 4. Measured vehicle trajectories display GNSS measurements alongside
RTK-corrected GT poses. Specific zones within the region have been delin-
eated, indicating the utilization of SBAS and SPP solutions in two zones.

tational unit. The data used in this paper was obtained from a
4-minute data acquisition session based on the aforementioned
scenario. When measurements are collected centrally, some
synchronization errors occur due to the different recording
speeds of the used sensors. The sensor outputs are synchro-
nized by considering the clock information transmitted by the
internet-based GNSS RTK correction method. All collected
data was reduced to 10Hz and thus a common recording
frequency was achieved.

Throughout these experiments, efforts were directed toward
enhancing the optimal single-receiver GNSS position solution.
When accessible, ego-vehicle positioning is determined tak-
ing into account the SBAS-derived positions; otherwise, the
SPP position fix is employed. The availability of SBAS in
the considered area is 100% for Vehl and 36% for Veh2
and the corresponding single-receiver GNSS position Root
Mean Square Error (RMSE) values are 0.61 m and 2.04 m,
respectively. Considering the combination of SBAS and SPP
measurements, the most likely scenario to be encountered

Positi TP Det. Rate [%] | OD RMSE [m]
Veh LiDAR GNSS osition Vehl Veh2 Vehl | Veh2
Model Planes Model Antenna RTK RTK-Corrected 99.61 99.23 0.38 0.24
Velodyne SwiftNav Piksi GPS500 < NLOS-Compensation | 98.15 78.47 0.56 1.08
1 16 : " GNSS-Raw 92.8 60.82 0.92 252
Puck Swiftnav Piksi GPS-702-GG v
’ Hesai 0 SwiftNav Duro MIKE3A X
PandarXT32 Swiftnav Piksi GPS500 Y _1in real life has been obtained. A portion of the vehicle

trajectories is shown in fig. 4 where the green line represents
the GT location fix, while the blue and red ones are the ego-
GNSS measurements for Vehl and Veh2, respectively, and the
triangles represent GT object locations.

Concurrently, LiDAR sensors are actively generating point
clouds. These point clouds are fed to the object detector
proposed in Sec. III-A, and the object positions are obtained.
These positions are defined in the LiDAR coordinate system.
Since they should be mapped in the same reference system, the
LiDAR-GNSS calibration process given in Sec. II is applied.
Upon analyzing the SPP solutions of the vehicles, it is noted
that they exhibit a significant and fluctuating bias in compar-
ison to the actual positions. Particularly, the signal quality of
Veh2 experienced more deterioration. In order to overcome
this problem, Bayesian filter-based bias estimation, given in
Sec. II, is performed. This filter assumes that the observed
bias is almost constant and it makes predictions based on a
random walk model. The standard deviations associated with
the random walk bias model were calibrated over a non-
exhaustive grid search. After the bias elimination, also referred
to as NLOS compensation, vehicle position RMSE values were
reduced to 0.37 m (39% enhancement) for Vehl and 0.91
m (55% enhancement) for Veh2 with respect to the single-
receiver GNSS positions. This augmented location information
is then used for LiIDAR-GNSS calibration. As a result, the
True Positive (TP) object detection rate, which is listed in
Table. II, enhances with respect to the calibration with raw
GNSS positioning. Likewise, this resulted in an improvement
in the performance of ego object positioning within the global
reference system.

Fig. 6 shows the Empirical Cumulative Density Func-
tion (ECDF) of the object detection error accumulated with
LiDAR-GNSS calibration for the translation handled con-
sidering RTK-corrected, NLOS compensated and raw GNSS
vehicle locations. Here, the impact of the positioning technique
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Fig. 6. ECDF of the average object positioning error for Vehl on the left
and Veh2 on the right.

on object detection accuracy is investigated by comparing
the following cases: (i) The positioning using RTK-corrected
locations; (ii) the NLOS compensated positions; (iii) the GNSS
position solutions. The Circular Error Probable with 95%
confidence (CEP95) values are 0.53 m, 0.83 m and 1.26 m for
the Vehl and 0.46 m, 2.74 m, and 4.4 m for the Veh2, respec-
tively. Thereby, the significance of having accurate vehicular
positioning for detecting objects in the global reference system
has been highlighted and more reliable late collaboration [53]
members were obtained by NLOS compensation approach
given in Sec.II.

C. Overall Results

After obtaining the global object locations and the ego
vehicle locations, the CP integrates two vehicles’ observations
into a cooperative filter in the central computational unit. The
achieved results with the proposed method are presented in
fig. 7. Ego-GNSS pertains to self-positioning, ICP with NLOS
compensation represents CP based on bias-compensated vehi-
cles’ locations, and ICP-GNSS corresponds to CP performed
using the recorded GNSS position fixes. Findings indicate that
ICP reduces localization error by 41% for Vehl and 42% for
Veh2 with respect to non-cooperative positioning, in terms
of CEP95. When the outcomes of ICP are compared, these
findings show that collaboration aids in mitigating multipath
bias for the affected vehicle (Veh2) by utilizing the other
vehicle as a reference or anchor for correction. This correction
is based on the fact that the vehicle with better ego positioning
also provides more accurate object recognition. Thus, the
accuracy of the vehicles is augmented and consequently, non-
cooperative road objects are included in the collaborative
ecosystem.

V. CONCLUSIONS

In this paper, we explored the potential of the LiDAR-
aided ICP in vehicular localization to provide highly accurate
positioning by exploiting the presence of surrounding road
objects. In particular, we developed a CP method for per-
forming cooperative sensing, achieved by proposing a novel

ECDF
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f ICP-Canventional I
ot [ Ego-GNSS a1t
CEPg5 I
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Fig. 7. ECDF of the positioning errors with CEP95 highlighted for Vehl on
the left and Veh2 on the right.

object detector, GSD, for sparse LiDAR point clouds, and
cooperative positioning by developing a custom Kalman filter.
The developed method has been validated by conducting
several data acquisitions in a suburban area. These acquisitions
have been designed to account for different single-receiver
GNSS position fix abilities to leverage reality. Beyond the
outcomes, some challenges of sensor calibration have been
stressed. Finally, vehicular positioning has experienced an
average augmentation of 41.5% across two test vehicles, and
numerical results have indicated the superior performance of
the proposed method when compared to a non-cooperative
approach. In addition to this, the benefits of the cooperative
solution on different sensors and data quality acquired by
multiple vehicles have been demonstrated, such as the fact
that the cooperation member, which is more influenced by the
factors that degrade the position solution quality of GNSS, can
benefit from this collaboration and avoid these effects.
Future works will target the inclusion of infrastructure in
the system as an observer with a known location and high
object recognition accuracy. Hence, the benefits of using an
observer as an anchor point will be further investigated.
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