Ref. Ares (2021)2407016 - 08/04/2021 [ £ |

D3.3 Distributed SPL Algorithms for node ranking and topology inference-

(Ens)
‘

CIP]

‘

selection
Authors ISI, RTC, UPAT, PASEU
Work WP3 - Model based CP(H)S Layer Design and Development supporting
Package Distributed Assisted, Augmented and Autonomous Intelligence

Abstract

The overall aim of this deliverable is to i) define a utility measure for the nodes
of the network, ii) develop distributed algorithms able to infer information about
network topology, iii) limit the impact of selfish nodes and iv) formulate network
wide objectives. To address these challenges, we have developed novel
distributed Signal Processing and Learning algorithms in order to increase global
and local location awareness as well as platooning ability in the connected and
automated vehicles of the traffic network. To do so, network and local wide
objectives have been formulated, and achieved by Kalman filtering, least-squares
minimization, information diffusion on graphs and convex optimization
approaches. Cramer-Rao Lower Bound has also been employed in order to
quantify the usefulness of each involved node. Additionally, a simulation
framework has been developed, so as to simulate realistic vehicle-to-vehicle
communication conditions.

Funded by the Horizon 2020 Framework Programme of the European Union




D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

Deliverable
Information

Work Package

Task

Deliverable title
Dissemination Level
Status

Version Number

Due date

Project Information

WP3- Model based CP(H)S Layer Design and Development supporting Distributed
Assisted, Augmented and Autonomous Intelligence

T3.3. Distributed and Coalitional Al supporting autonomic intelligence
Distributed SPL Algorithms for node ranking and topology inference-selection
PU

Ongoing

0.3

M28

Project start and
duration

Project Coordinator

Partners

Website

01/01/2020 — 31/12/2022, 36 months

Industrial Systems Institute, ATHENA Research and Innovation
Center 26504, Rio-Patras, Greece

1. ATHINA-EREVNITIKO KENTRO KAINOTOMIAS STIS TECHNOLOGIES TIS
PLIROFORIAS, TON EPIKOINONION KAl
TIS GNOSIS (ISI) the Coordinator

. FUNDACIO PRIVADA I2CAT, INTERNET | INNOVACIO DIGITAL A CATALUNYA (12CAT)
. IBM ISRAEL - SCIENCE AND TECHNOLOGY LTD (IBM ISRAEL)

. ATOS SPAIN SA (ATOS)

. PANASONIC AUTOMOTIVE SYSTEMS EUROPE GMBH (PASEU)

. EIGHT BELLS LTD (8BELLS)

. UNIVERSITA DELLA SVIZZERA ITALIANA (USI),

. TAMPEREEN KORKEAKOULUSAATIO SR (TAU)

. UNIVERSITY OF PELOPONNESE (UoP)

10. CATALINK LIMITED (CATALINK)

11. ROBOTEC.Al SPOLKA Z OGRANICZONA ODPOWIEDZIALNOSCIA (RTC)
12. CENTRO RICERCHE FIAT SCPA (CRF)

13. PANEPISTIMIO PATRON (UPAT)

© 00 N o uu B W N

Page 1 of 55


http://www.cpsosaware.eu/

D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

Control Sheet

VERSION DATE SUMMARY OF CHANGES AUTHOR
0.1 15/03 Initial draft ISl
01/04
0.2 Pre-final draft B iU, Ul
PASEU
Finalization IS/
0.3 19/04
NAME
Prepared by ISI

Reviewed by UPAT, PASEU

Authorized by ISI
DATE RECIPIENT
28/04 Coordinator
30/04 European Commission

Page 2 of 55



D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

Table of Contents

e (S Tol U WA I ¥ ] 4= T 7SSOSR 6
(I oY Ao Yo [V ToruToT o T T TP OO PP SO PR TP TP RO PR PRRPROPTO 6
2 Realizing Cooperative Awareness through the integration of communication simulator ..........cccccooviviiiiiiiiiecn, 6
2.1 Scenario 1 —intersection COIlISION WarNiNG .....oiii ittt ettt eaeene e 7

2.2 Scenario 2 —intersection COIlISION WarNING .....ooi oottt ettt saeene e 8

2.3 Scenario 3 —intersection COIlISION WaINING .....cviiiiiie ettt 8

2.4 Scenario 4 — forward collision warning/emergency braking .........c.ocooeieiiioeccieceee e 9

2.5 Scenario 5—overtaking/do N0t PASS WaAIMINE .....cviiiiiiee ettt ettt eae e 10

2.6 Scenario 6 — obstacle avoidance/evasive 1ane ChanGe ........c.oovoiiiocieeeeee e 10

° vehicle 1 evades the obstacle by changing the lane totheleftone...........c..ccccooviiiiiic 10

° vehicle 1 applies emMergency braking...........cc.oooiiiiiiii e 10

2.7 BVAIUBTION 1ttt ettt bR Rt R R Rt R Rt Rt n bkttt n e n e e 11

2.8 DEMO VIO FEPOSITONY vttt ittt ettt ettt ettt ettt ettt ettt e te e te e teeeteeeaeeeaseetteeaseeaseetseeaeeeaseeaseans 11

3 Local Cooperative Awareness via Graph Laplacian ProCeSSING......couiiuiiiiiii ettt 11
3.1 Preliminary @PPIOACNES .......ooii ettt ettt ettt ettt ettt ettt et ettt ans 11

3.2 Least-SQUAES ESTIMAtION ..ttt ettt et e et et ns 14

3.3 Graph Laplacian Extended Kalman FIEEE ... 16

3.4 Utility scores through Cramer-Rao LOWEr BOUNG .......c.iiiiiiiie et 17

3.5 Challenges in Practical CoNSIAEIatioNS. .......iviiie ettt ettt ettt et e e ens 17
3.5. 1 Data @SSOCIATION .ttt bbbttt 18

3.5.2 Adaptability to modifying CAV’S tOPOIOZIES ....cuveieieieee e 19

3.5.3 Range mMeasurements UNCEITAINTIES ....ooiii it et eaara e e e eaaaeas 20

3.6 Experimental SETUD @Nd FESUIES ......i e e 20

Page 3 of 55



D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

3.7 DEMO VIO FEPOSITONY 1.uviiiiiitiiiiie ettt ettt ettt ettt ettt et ettt et et e bt e bt e te e te e teetsests e tsesssestsentsestsentsennsennns 27

4 Global Cooperative Awareness through information diffusion ..........cccoiiiiiiiii i 28
L P IMIINMAIIES ootttk e ettt ete ettt te et te e tb e te et e et e tt e teeenb e rbeeabeerbeenbe e 28

4.2 Graph LApIlacian LIMIS . ...ttt ettt ettt ettt ettt ettt ettt enr e 31

4.3 Graph Laplacian Conjugate Gradient for improved cooperative awareness..........cooovveevveeevveecieeeiee e 32

4.4 Graph Laplacian LMS for improved cOOPerative @WarENESs .......c.ccveueeiriiieieiieieie sttt 34

4.5 EXPerimental SETUP @Nd FESUILS ...ttt ettt ettt ettt et et esb et eeteesee e s 36

L N Oo Yo [ =T o To 1Y oL OSSPSR 44

5 Graph Laplacian Cooperative Control for Platooning Of CAVS .......coiiiiiiiiciiceceee e 44
5.1 Controller Design for Cooperative PlatOONING.........ooviiiiiii ittt 44
5.2.1 UNCONSTIAINEA MPC ...ttt b etttk b ettt ettt ettt nn et ene et 45

5.1.2 CONSEIAINEA IMPC et b et b et b ekt b et s ettt e s et e et bt aneas 47

5.2 Efficient IMPlIemMENTatioN . o..ii ettt ettt ettt ettt ettt ettt ettt 48

53 RBSUIES etttk h kR h e E R R h e h R h R R Rt R e n Rt b et n et bt eneenes 49

5. OB MBPOSITOIY .ttt ettt ettt ettt ettt ettt e e te e te e eaeeeteeeteeeteeeteeetteeateenteeareens 53

I 6o aTol (V1] T o TSSOSO USRS TROPP 53
RS (=TT T OO OSSOSO USRS 53

Page 4 of 55



D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

List of Figures

Figure 1: Cooperative Awareness scenario 1 design 7
Figure 2: Cooperative Awareness scenario 2 design 8
Figure 3: Cooperative Awareness scenario 3 design 9
Figure 4: Cooperative Awareness scenario 4 design 9
Figure 5: Cooperative Awareness scenario 5 design 10
Figure 6: Cooperative Awareness scenario 6 design 10
Figure 7: Vehicular ad hoc network 12
Figure 8: Range measurements 12
Figure 9: Star V2V topology and interaction of vehicles 15
Figure 10: Cases of dynamic CAV's topologies 20
Figure 11: Trajectories and VANETs 21
Figure 12: Impact of communication range rc and data association to the locations’ estimation performance 23
Figure 13: Effect of LOS and NLOS range measurements links 24
Figure 14: Location estimation accuracy for self and CA case 25
Figure 15: CRLB, RMSE and CARLA visualization 26
Figure 16: MSMV evaluation 27
Figure 17: Network of N nodes 28
Figure 18: ATC with measurements exchange 30
Figure 19: Reference trajectories and VANET graph 36
Figure 20: Learning curves and CDF with max. neighbors Nmax =6 38
Figure 21: Impact of connections with VANET size N = 10 39
Figure 22: Network delay study with VANET size N = 13, max. neighbors Nmax =6 40
Figure 23: Range measurements uncertainty study, assuming a VANET with N = 15 vehicles, while the maximum
number of neighbors is Nmax =6 41
Figure 24: Reference trajectory and clusters at four time instances in CARLA 42
Figure 25: Indicative statistical results in CARLA simulator 43
Figure 26: CARLA visualization 43
Figure 27: lllustration of the 1D platooning with a leading and following vehicles. 44
Figure 28: Simulation Parameters and Road network instance, taken from Carla 50
Figure 29: Vehicles trajectory on the x-axe over time for the case where the leading vehicle follows the trajectory of
ID 86 for the Carla generated scenario. 51
Figure 30: Controllers’ performance evaluation for vehicle with ID 86. 52
Figure 31: CDF for the distance between successive vehicles 52
List of Algorithms

AlBOMENM L: EKF — CA.............oooooeeeeeeeeeeeeeeeeeeee e e et ete e eae e 14
AlBONTRM 2: DLL — CA ............o.oooooeeeeeeeeeeeeee e ettt et te e eteeeae e 15
AlBOMTRM B: LEKF — CA ... e et e e ee e 16
AlZOrithm 4: DAt ASSOCIALION......................c..ccooooieeeeeeeeeee e 18
Algorithm 5: Graph Laplacian LMS 017 GLLMS .................cccooiii ettt 32
Algorithm 6: GTraph Laplacian CG o1 GLCG ..ot 33
Algorithm 7: Graph Laplacian LMS with measurements exchanges or GLLME ....................................... 34
Algorithm 8: ADMM AlGOTITIIN. ...............ocoiiiiie ettt ettt et ee e neane e 48
Algorithm 9: ADMM — L @l GOTIERIMN ................ocoiiiiie ettt 49

List of Tables

Page 5 of 55


file:///C:/Projects/CPSOSAWARE/Deliverables/D3.3/D3.3%20CPSoSAware%20-%20ISI%20-%20WP3%20-%20R1%20-%20v2.0%20-%20Distributed%20SPL%20Algorithms%20for%20node%20ranking%20and%20topology%20inference%20selection.docx%23_Toc102052191
file:///C:/Projects/CPSOSAWARE/Deliverables/D3.3/D3.3%20CPSoSAware%20-%20ISI%20-%20WP3%20-%20R1%20-%20v2.0%20-%20Distributed%20SPL%20Algorithms%20for%20node%20ranking%20and%20topology%20inference%20selection.docx%23_Toc102052192
file:///C:/Projects/CPSOSAWARE/Deliverables/D3.3/D3.3%20CPSoSAware%20-%20ISI%20-%20WP3%20-%20R1%20-%20v2.0%20-%20Distributed%20SPL%20Algorithms%20for%20node%20ranking%20and%20topology%20inference%20selection.docx%23_Toc102052202

D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

Table 1: Order of computational and commMUNICAtION COSES ......viiimiiiiiiie e, 49

Executive Summary

The goal of this deliverable is to:

o Define a utility measure for the nodes of the network

e Develop distributed algorithms able to infer information about network topology

o Limit the impact of selfish nodes

e Formulate network wide objectives

All these challenges are discussed and addressed in the following Sections of the deliverable. More specifically:

e Section 2 introduces the concept of Cooperative Awareness through the development of a communication
simulation framework.

e In Section 3 three distributed localization algorithms are introduced which focus on realizing the so called local
cooperative awareness of each vehicle of the traffic network. Kalman filtering and linear-least squares have been
employed to derive and formulate the relevant localization algorithms, in which each vehicle relies only to its
direct neighborhood in order to estimate self and neighboring locations. To quantify the quality of location
estimation as well as the impact of neighboring nodes in algorithms’ performances, Cramer-Rao Lower Bound has
been utilized.

e In Section 4, three additional distributed localization algorithms are formulated, based on information diffusion
ingraphs. More specifically, vehicles are using these algorithms in order to achieve the so-called global awareness,
in which a network wide objective is addressed in a distributed manner.

e Section 5 introduces a novel cooperative control scheme for platooning of vehicles using graph Laplacian and
Alternating Direction Method of Multiplies (ADMM) algorithm.

1 Introduction

The main outcomes of this deliverable related to local and global awareness, cooperative control for platooning, as

well as vehicular communication simulation, have been identified below:

e Section 2 realizes Cooperative Awareness through a communication simulation framework.

e Section 3 presents three distributed localization algorithms related to local awareness.

e Section 4 presents three distributed localization algorithms based on information diffusion on graphs, so as to
address global awareness task.

e Section 5 introduces a novel cooperative control scheme for platooning of vehicles.

The deliverable is placed within the context of CPSoSAware in the following ways: The simulation framework of
Section 5 will serve as the baseline in order to evaluate the proposed methos with realistic V2V conditions in the
testing setups of the project. Task 6.3. Additionally, the scene analysis and understanding modules of Task 3.1 will
be integrated to the simulation framework developed in this deliverable and T4.4, in order to have a complete
automotive awareness system comprised of perception and localization layers. The concepts originally developed in
this deliverable will contribute towards the design of a more robust backend vehicle odometry module, during the
activities of Tasks 4.5 and 3.6. As a last remark, the proposed schemes will be deployed in hardware as part of Task
5.2.

2 Realizing Cooperative Awareness through the integration of communication
simulator

Cooperative awareness based on vehicle-to-vehicle (V2V) communication, apart from improving ego vehicle's
location estimation, can improve safety between vehicles. According to the National Highway Traffic Safety
Administration study on the effectiveness of V2V communication [1], V2V safety technology can help drivers avoid or
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reduce the severity of over 80% of unimpaired vehicle crashes. It also has a great potential to increase safety in
autonomous vehicles operation. Passing messages of different items (e.g., other vehicles, pedestrians, roadblocks,
etc.) visible to other vehicles can reveal some obstacles that may be invisible or hidden and thus become a reason for
the vehicle to slow down or even stop. Such messages can be used in other cases, such as rearranging paths to omit
obstacles, or even to save fuel (especially when it comes to electric-powered vehicles, which have a limited range and
are sensitive to sudden changes in speed). Moreover, unlike visual and radar-based detection systems, the application
using V2V technology can function regardless of lighting and weather conditions, allowing for a more robust system.
These are the reasons that Cooperative Awareness, which delivers the position of surrounding vehicles in real-time,
is of special interest to build safety applications such as anticipated collision avoidance or cooperative maneuvering.

For testing the effectiveness of Cooperative Awareness based on V2V communication, two separate simulators will
be used. Robotec Simulator manages all traffic in the scene and propagates ROS2 messages between the vehicles
(agents). These messages contain information about each vehicles' self-aware localization and objects perceived by
this vehicle. Communication simulator, based on one of several wave propagation models, simulates message transfer
between agents. Robotec Simulator receives ROS2 messages from the Communication simulator, so the information
about the objects that each vehicle is aware of is known. Depending on the model used, there can be various visibility.
This information is then used in Robotec Simulator for determining vehicle path or speed as efficiently as possible.

Based on the NHTSA research report on V2V readiness [1] and V2V safety-related literature review [2], [3], a few
possible scenarios covering the majority of addressed safety applications were proposed. All the proposed scenarios
can be executed in simulation with various lighting and weather conditions, as well as challenging conditions resulting
from high-speed driving or interfered communications, among others. With the technological advancement of V2V
communication soystems, more complex scenarios can be implemented to explore the achievable performance of
Local Cooperative Awareness under realistic transmit power and transmit rate constraints.

2.1 Scenario 1 —intersection collision warning

There are two vehicles (1 and 2) and a pedestrian (3).

Figure 1: Cooperative Awareness scenario 1 design
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Vehicle 1 is driving straight through the crossroad, pedestrian 3 is on the pedestrian crossing and vehicle 2 is turning
right. Vehicle 2 is aware of vehicle 1 and can turn right before it. Because of the building corner, vehicle 2 is not aware
of pedestrian 3.

Without Cooperative Awareness vehicle 2 would turn to cause a potentially hazardous traffic situation with
pedestrian 3.

With Cooperative Awareness vehicle 1 distributes messages with objects it sees - sends localization of the pedestrian

3 to vehicle 2. After receiving a message about pedestrian 3, vehicle 2 may adjust its speed or stop to avoid a possibly
hazardous event.

2.2 Scenario 2 —intersection collision warning

There is a truck (1), a car (2), and a pedestrian (3).

Figure 2: Cooperative Awareness scenario 2 design

Truck 1 is driving across the crossroad, pedestrian 3 is on the pedestrian crossing and car 2 is driving straight through
the crossroad. Car 2 is aware of truck 1 and will drive on the crossroad after truck 1 leaves it. Because of the sizes of
truck 1, car 2 vision is limited, and it is not aware of pedestrian 3.

Without Local Cooperative Awareness car 2 would drive through the crossroad and had to perform an emergency
maneuver (evasion or braking) or it would cause a potentially hazardous traffic situation with pedestrian 3.

With Local Cooperative Awareness truck 1 distributes messages with objects it sees - sends localization of the
pedestrian 3 to the car 2. After receiving a message about pedestrian 3, car 2 may perform the actions necessary to
cross the road safely.

2.3 Scenario 3 —intersection collision warning

There are three vehicles (1, 2 and 3).
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Figure 3: Cooperative Awareness scenario 3 design

Vehicle 1is driving through the crossroad, vehicle 2 is driving straight to the crossroad and vehicle 3 is driving straight
to the crossroad. Because of the building corner, vehicles 2 and 3 are not aware of each other.

Without Local Cooperative Awareness vehicle 3 would cause a potentially hazardous traffic situation with vehicle 2.

With Local Cooperative Awareness vehicle 1 distributes messages with objects it perceives — sends localization of
vehicle 2 to vehicle 3 and vice versa. After receiving those messages vehicle 2 and vehicle 3 are aware of each other,
and thus can adjust their actions to drive through the crossroad safely.

2.4 Scenario 4 — forward collision warning/emergency braking

There is a string-like formation of vehicles (e.g., platoon, number of vehicles yet to be determined). The vehicle at the
head of the line emergency brakes and all the following vehicles have to automatically react in time to avoid rear-end
collisions.

Figure 4: Cooperative Awareness scenario 4 design

Without Local Cooperative Awareness, the chances of rear-end collision are higher, due to the response time chain
reaction.

With Local Cooperative Awareness, the reaction time can be significantly decreased since the leading vehicle can
explicitly inform other platooning members about the critical braking maneuver.

Similar action will be desired in case the leading vehicle faces technical or environmental problems, e.g., drives in on
a slippery surface (lack of adhesion) or experiences a wheels-related incident (like a broken tire). In case of a problem
detection or a sudden trajectory change, the message should be sent to the following vehicles, so they can adjust
their actions to the possible hazard.
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2.5 Scenario 5 — overtaking/do not pass warning

Two vehicles (1 and 2) move in opposite directions approaching each other, and vehicle 3 limits their visibility.

Figure 5: Cooperative Awareness scenario 5 design

Without Local Cooperative Awareness vehicle 1 overtaking vehicle 3 would cause a possibly hazardous traffic situation
(e.g., driving directly onto a head-on collision with vehicle 2).

Local Cooperative Awareness has the potential to reduce crashes that are not easily addressed by the limited
detection range and line of sight capabilities of radar or camera-based systems. V2V communications afford vehicles
a rich set of information (e.g., position and trajectory) regarding the other vehicles on the road over a long distance.

2.6 Scenario 6 — obstacle avoidance/evasive lane change

Two vehicles (1 and 2) traveling on the right lane of a two-lane road, one vehicle (3) is moving on the left lane. An
obstacle appears on the right side of the road.

Figure 6: Cooperative Awareness scenario 6 design

This is a scenario in which vehicle 1 may react in different ways. Two correct responses can be expected:

o vehicle 1 evades the obstacle by changing the lane to the left one

Without Local Cooperative Awareness vehicle 3 may cause a potentially hazardous traffic situation with vehicle 1 as
a result of not seeing him (vehicle 1 visibility is limited by vehicle 3).

Using Local Cooperative Awareness communication, vehicle 3 may receive an early warning of an expected
emergency maneuver of vehicle 1 and adjust its speed to let vehicle 1 safely overtake the obstacle by changing the
lane. It also results in more fluent traffic movement that would positively impact fuel consumption.

o vehicle 1 applies emergency braking

Without Local Cooperative Awareness an emergency braking of vehicle 1 may lead to a potentially hazardous traffic
situation (e.g., vehicles 1 and 2 rear-end collision).

Using Local Cooperative Awareness communication, vehicle 2 may receive an early warning of an expected

emergency maneuver of vehicle 1 and adjust its speed or route (brake immediately or change the lane, if then it is
not on a collision course with vehicle 2).
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2.7 Evaluation
To evaluate Cooperative Awareness communication, the following evaluation metrics will be used:

e time since the event — elapsed time between the event and the time the vehicle first received information
about its occurrence,

e speed over time graphs — data visualization will help evaluate speed profile, and potential safe stops will be
easily visible. The benefit of such path planning is lower fuel consumption (especially important for electric
cars).

Both metrics will be provided with and without the usage of Cooperative Awareness communication and then
compared to evaluate Cooperative Awareness performance.

2.8 Demo video repository
An indicative demo video demonstrating discussed communication simulator in a Cooperative Awareness scenario is

shown in:
https://drive.google.com/file/d/1bKM8Lgx0O-ZZdVAI5Z xJ6yJPMQAbNGTE/view?usp=sharing

3 Local Cooperative Awareness via Graph Laplacian Processing’

Cooperative Localization and Tracking is a fundamental task for critical automotive applications, which coincides with
the so-called Cooperative Situational Awareness. Vehicles have to know their exact locations in order to plan future
driving actions, improve their safety, etc. At the same time, the challenging task of situational Cooperative Awareness,
i.e., accurate knowledge of neighboring vehicles’ locations, is fundamental for improving autonomous driving
performance in diverse traffic conditions. Integrated advanced sensors like LIDAR, Cameras and GPS, as well as
5G/V2X communication abilities, enable the close collaboration between the moving vehicles for significantly
enhancing the positioning accuracy via multi-modal fusion. In this deliverable, two novel and distributed Cooperative
Localization and Tracking algorithms have been formulated, based on least-squares minimization and the celebrated
Extended Kalman Filter. They both aim to improve ego vehicle’s location estimation, as well as to estimate the position
of its neighbors. For that purpose, ego vehicle forms a star like topology with its neighbors, and fuses three types of
inter-vehicular measurements via the linear Graph Laplacian operator. An extensive experimental study has been
conducted in CARLA simulator, highlighting proposed methods’ benefits. The proposed distributed approaches offer
high positioning accuracy, outperforming other state-of-the art methods. The key idea of this Section is Local
Cooperative Awareness, i.e., distributed multimodal localization able to infer knowledge about ego vehicle and its
neighboring vehicles states, without increased communication burden.

3.1 Preliminary approaches

Consider a 2-D region where N sensor rich vehicles of a vehicular ad hoc network (VANET) (shown in Figure 7) at an
urban environment collect and exchange measurements using V2V communications.

1N. Piperigkos, A. S. Lalos and K. Berberidis, "Multi-modal cooperative awareness of connected and automated vehicles in smart
cities," 2021 IEEE International Conference on Smart Internet of Things (SmartloT), 2021, pp. 377-382, doi:
10.1109/SmartloT52359.2021.00070.
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Figure 7: Vehicular ad hoc network

Vehicles communicate with the other vehicles of VANET only within a direct communication range r;, according to
established V2V communication standards [4]. That means that vehicles receive messages from other vehicles if only
their distance is below than 7. Furthermore, we set a maximum number of closest neighbors Ny, for each vehicle,
as in [5]. Thus, a reduced computational load with permissible localization accuracy can be achieved, avoiding also
extreme cases like two vehicles of the same VANET are far (even kilometers) away from each other. Vehicles can
utilize a multiple access like communication protocol. As it will be shown in Section 3.6, attained localization accuracy
is very promising without the need of all-to-all vehicles connections. Hence, scalability is another important aspect of
the proposed approaches.

T
The absolute location of i-th vehicle at time instant t is equal to pgt) = [xi(t) yl.(t)] € R?, whereas the distance,
®_ ®

; ; ; ® _|,® _,,®| ,® _ ooy
angle and azimuth angle between connected vehiclesi and [ are equal to Zg0 = ||P; p; ||, 24 = arctan NOENG)
l i
®_,@®
I =%
€m + arctanll(t)—‘(t)l, €e=0,1
t Y Y . . .
and z‘(lz)il = l(t) ® , shown in Figure 8 with e = 0.
’ ly; =y 13
€m + arctan ——- =-,-
|xl(t)—xl.(t)| ’ 2’2

Figure 8: Range measurements

These measurements could be provided by sensors like GPS, LIDAR, RADAR or Camera, which are integrated to the
vehicles, assuming also additive white Gaussian measurement noise [6]. Hence, we acquire the following three
measurement models for each vehicle:

e Absolute position measurement: ig‘? = pgt) + ng), ng,t) ~G(0,Z,)

Covariance matrix X, is a diagonal matrix equal to diag(cZ, 033).
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e Relative distance measurement: Zc(ltl)l = Zg(ztl)z + n(t), (t) ~G(0,03)

* Relative angle measurement: Zc(lf.)J = C(fl)J +n, 29 ~ 6(0,02)

¢ Relative azimuth Angle measurement: zfltz)ll c(ltz)zz + ngfz) (t) ~ G(0,02)

We have to point out that an effective data association step is necessary for vehicle i to match range measurement
(from LIDAR) Zétl)] to correct vehicle id j (e.g. from V2V). This aspect is explicitly discussed in Section 3.5.1.
In the context of CA, ego vehicle i is interested in estimating its position, along with the positions of vehicles belonging

to its neighborhood ]\f.(t) in a distributed manner. This group of coIIaborating vehicles makes up a star like V2V

topology. Formally speaking, vehicle i wants to estimate its state x(t) € ]R{3|N 3 which contains the 2D positions

and yaw angles of itself and those vehicles which belong to its nelghborhood in a cost effective and efficient manner.
Although yaw is integrated to the state, in this work we are only interested in estimating 2D position.

A natural option for the CA estimation task is to employ the well known EKF algorithm. The latter treats the
positioning problem as a probabilistic inference task, integrating also a node mobility model. Under such an approach,
related algorithms return a set of possible locations leading to a more direct representation of the solution quality.
For that reason, the non-linear state transition and measurement functions corresponding to each vehicle i are
exploited:

fgt) =f (igt_l) (t)) + €1, €1 ~G(O,Ry) Eq. 1

0 =0(0)re 600

® ®
State covariance matrix R; € RGWi "I+3)XGIV;71+3) aq for the function £(-), we choose the bicycle kinematic model

[7]:

®
_ v
xi(t) = xi(t D4 ( (t)>sm9(t Dy (v(t)/w(t))sm(e(t Dy w(t)AT) Eq. 3
»®
yl(t) = (t 1 +< (t)>cost9(t 2 + (- v(t)/a)(t))cos(H(t Dy (t)AT) Eq. 4

ei(t) _ ei(t—l) n a)i(t)AT, Eq. 5

where AT is the sampling interval and vi(t),a)i(t) are the linear velocity and yaw rate, respectively. The last two

guantities are known as control inputs and provided by the IMU sensor. Note that IMU noise is modelled to follow
(t)
the Gaussian distribution [8], with o= 0.117L.(t) and o, 0= 2° /N hour. Thus, control input vector ul@ e R2Wi1+2
i i

shall contain the two control inputs measured by ego vehicle and transmitted by each neighbor. Measurement vector

“(t) shall contain apart from GPS positions and yaws, not only the range measurements of ego towards neighbors,

but also the range measurements of neighbors towards ego. However, neighbors estimate in fact a vector of range
measurements since they have their own neighbors. Thus, ego vehicle has to find the "correct" range measurements
which match to itself (data association). For example, for the operating vehicles i, j and k, with i as the ego,

. . . A(t
measurement vector shall contain in the optimal case: zg ) =

A O O O O 10 IO 1) A(t)
d,ij dlk d]l d,ki al] alk a]L akl pl
20 ;O 5O 50O 50
Zpj  Zpk 91’ 9}' O

®
As a matter of fact, 2?) e RV 'I#2 and Q; €
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® ® ~
RGP 1+2)x (61N 1+2) Note that Bi(t) = Bi(t) + ng is the yaw measurement, withng ~ G(0, aj)(t)). We have to point
i

out that in realistic traffic conditions, V2V topologies are dynamic since new vehicles may enter or exit them according
to their 7. However, in those cases EKF has to be reset since the state vector is no longer the same as before and
reinitialized with a low cost one-shot like solution. The main steps of the discussed distributed EKF for CAor EKF —
CA are summarized on Algorithm 1. Notice that due to the non-linearity of Eq. 1 and Eq. 2, EKF approximates the two

9 ()
~(t-1)
0%; E(t)

andH—ag()

functions via Taylor expansion, using the corresponding Jacobian matrices: F = A(t)

—(t)

Algorithm 1: EKF — CA

Input: T,Q;, R

®
Output: x(t) € ]R3|N I+3

For t = 1,2, ..T do
For each ego vehicle i do
Vehicles transmit to i their 2D GPS positions, vector of range measurements, linear velocity, yaw
rate and yaw ;
Ego matches range measurements to correct vehicles’ ids (data association) ;
If J\fi(t) not identical to ]\fi(t_l) then
Initialize locations with low cost one-shot solution ;

Else
—(t) ~ t—1 t
§€ ) F, z(‘ 1)FT +R;;

-1

K=% HT (H; OHT + Q)
20 _x<)+K< NG g(zgt))).
s _ <O
= <H3|Ni(t)|+3 KH; )Z

End

End
End

Therefore, we have derived a distributed tracking scheme aiming to provide increased CA ability to the vehicles. Ego
vehicle receives the necessary information from its neighbors and executes the proposed EKF — CA in order to
estimate its position and the positions of neighboring vehicles. Our approach was inspired by the functionalities
executed at the traditional Simultaneous Localization and Mapping (SLAM) back-ends [9], [7], where the vehicle/robot
navigates in unknown environments and tries to determine its position and the neighboring landmarks using pair-
wise measurements.

3.2 Least-squares estimation
Vehicle i can utilize the vectors of differential coordinates for x and y positions of star topology’s vehicles: Agt) =

®
[630 9] € RIVI+D*2 For the case of ego vehicle: s = Z]E]V_(t)( zél)JsmzéZ)U) and 60" =

Z}.EN@) ( Zc(itl)]coszfl?u). For every neighboring vehicle j € J\ﬁ(t), ego vehicle has to compute the two following

et — 5 smz( ) and Si(}"t) zé?lcoszt(lz)”

scalar values: 6 Zd]l az,ji

Neighbors actually transmit a vector of range
measurements extracted by LIDAR and/or Cameras, i receives it and has to match (zé ])X,Zé?]x) to (Zc(lt])l’zc(l?]l)
since j is not able to correlate LIDAR based detected vehicles with V2V individual ids. This necessary data association

pre-processing step is omitted for the time being. Afterwards, i defines the Laplacian matrix [6] L(t) €
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® ® -
RV HDXANTI+D) \which captures the connections of star topology and then the extended Laplacian matrix Ll@ =

LY - ® ®
[Hl o, | L,@ e R 1+2XUIN1+D | aplacian matrix is equal to the degree minus the adjacency matrix of the
IARES

graph topology, i.e., Lgt) = Dgt) - Agt)(example for ego vehicle of Figure 9).

& i ¢

Figure 9: Star V2V topology and interaction of vehicles

Neighbors, apart from the vector of range measurements, transmit to ego vehicle their 2D GPS positions, and then i
(xt)
) 3] ®)
creates the vector b& = [~(lx t)], with b&D e R2WV: 12 \while Z;xlft) e RWi "1*1 are the GPS’s x positions. The
z '
bt

latter are also known as (noisy) anchor points and are linked to the second half of igt) [6]. Finally, the x positions

~ ® . . , .
xgt) € RMi “I*1 of vehicles estimated by i, follow the linear system of:

th)xgt) = pixt) Eq. 6

From |east-squares ninir |izati0n, we have that:
~(t FTOT7ON-17OT 5. (x

N ®
The same goes for estimating y positions ygt) e RWi *1 The proposed scheme was named
Distributed Laplacian Localization for CA or DLL — CA while its main steps are summarized in Algorithm
2.
Algorithm 2: DLL — CA

Input: T
~ ~ ®
Output: xl@,yl@ e R I+t
For t=1,2,..T do
For each ego vehicle i do
Vehicles transmit to i their 2D GPS positions and vector of range measurements,;

Ego matches range measurements to correct vehicles’ ids (data association) ;
i defines the extended Laplacian matrix th) ;
i computes the differential coordinates Agt) ;
~(t F@OT7{)\—17@)T
xg ) — (LE ) LS )) 1L§ ) b(x,t);
~(t F@OT7{)\—17E)T
50 = L)L,
End
End
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To sum up, we have derived a distributed CL scheme which focuses on CA. Differential coordinates, which capture
the geometry of star topology and combine two non-linear measurement models are linearly fused with the Laplacian
matrix, which dictates the connectivity representation of vehicles. Using least-squares minimization, ego vehicle
performs the location estimation task. Note that this modelling enables the treatment of measurements and topology
in a unified and compact manner which will offer very competitive advantages with respect to EKF — CA, as shown
in Section 3.6. We have to point out that DLL — CA is inherently different than the distributed method of [10], since
the latter focuses explicitly on ego vehicle location estimation.

3.3 Graph Laplacian Extended Kalman Filter

Although DLL — CA enables ego and neighbors locations’ estimation, it does that in a static and one-shot manner,
treating each time instant independently. It would be more efficient for both CL and CA tasks to exploit the motion
of vehicles within a tracking scheme. For that purpose, we resort once again to prominent EKF in order to improve
the positioning accuracy.

® ¢ m3v1+3

Vehicle i is interested to estimate the states X; , i.e. 2D positions and yaws of star topology’s vehicles

®
given their control inputs ugt) € R?Wi "1*2 and measurements Egt). As a matter of fact, the kinematic model of (3)-

(5) and the non-linear transition function of EKF — CA are used. For that reason, neighboring vehicles to i have to
transmit their linear velocities, yaw rates and yaws. The main contribution in deriving the proposed Graph Laplacian
EKF is to define a linear measurement model which in addition integrates all three measurement models in a unified
manner. On the contrary, non-linear pair-wise measurements of EKF — CA require the Jacobian matrices, which
however introduce high positioning errors due to the Taylor first order approximation.

® ¢ RSlNi(t)H

Measurement model is actually based on Eq. 6. Therefore, measurement vector z; > will be comprised

S0 _

~)1T
of differential coordinates and yaw measurements: Z; [c‘)'gx‘t) 6?”0 Bgt)] , with yaw measurements vector

(

~ ®
Bgt) € R™: "I*1 of star topology. Furthermore, the function g(X;

t)) follows the linear system of: 9@1@) = Hﬁl@,

® ®
with block diagonal matrix H; € RGW: " 1+5)XGIWV1+3) aqual to:

I o o
Hi=l0o I o
lO 0 H|Ni(t)|+1j

Hence, the measurement model which extends Eq. 6 in order to capture 2D positions and yaws using the differential
coordinates and the connectivity representation of vehicles, will be given by:
2® = Hz®

® ® ®) ®
Finally, covariance matrices R; € RGWi 1#3)xGIV71+3) gng Q; € REW: "I+5)XGINT1+5) The main steps of the
proposed Laplacian EKF for CAor LEKF — CA are summarized in Algorithm 3.

Algorithm 3: LEKF — CA

Input: T, Q;, R;
®
Output: Ql@ € R3W; 1+3
For t=1,2,..T do
For each ego vehicle i do

Vehicles transmit to i their 2D GPS positions and vector of range measurements,;
Ego matches range measurements to correct vehicles’ ids (data association) ;

i defines the extended Laplacian matrix th) ;
i computes the differential coordinates Agt) ;
If ]\/’i(t) not identical to ]\Q(t_l) then

Initialize locations with DLL — CA;
Else
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—(0) ~((t—-1 t
X =f(x§ ),ug));
—(t P~
- FEVUFT +R;;

< < -1
K =1%; HiT(Hizi HY + Qi) ;
20 =%+ k(2" - Hx");

() _ _ 50,
Zi = <H3|]\fi(t)|+3 KHl) Zi )

End
End
End

Thus, a distributed tracking scheme aiming to CA has been formulated, based on Graph Laplacian processing and EKF’s
algorithm. Ego vehicle acts now as the fusion center. It receives from its connected neighbors all the necessary
measurements, defines the extended Laplacian matrix of its own star topology, computes and finally fuses the
differential coordinates, in order to estimate its position along with those of its neighbors. The case of dynamic
neighborhoods for the time being are treated as locations re-initialization with DLL — CA solution.

3.4 Utility scores through Crdmer-Rao Lower Bound

It is often highly desirable to accurately measure the performance of localization, and in more general, estimation
algorithms. For this fundamental task, Cramér-Rao Lower Bound (CRLB) and Fisher Information Matrix (FIM) are
necessary. For any unbiased estimation X of parameter x, FIM J(x) indicates the amount of information the
observations carry about the unknown parameter x on average [6]. Let f(x;X) be the probability distribution
function for x conditioned on X. Then, FIM is equal to:

2
JoO) = —E[5fxD)| |

Instead of f(x;X), log-likelihood logf (x; X) can be used (FIM now known as the variance of score). Then, CRLB is:

J 1) S E{@E-x)& - x)"} Eq. 7

If, in addition, we take the trace and square root, then (7) transforms to:
Eq. 8

tr(J=1(x)) < Vtr(E{(X - 1)@ - )"}

Eg. 7 and Eq. 8 simply state that the minimum attained root mean square estimation (position) error is equal to

Jtr(J=1(x)) [6]. CRLB can also be used for evaluating whether or not the collaboration of nodes contribute to the
improvement of positioning accuracy. As it is mentioned in [11], collaboration indeed improved position estimates.

Therefore, we have to determine the FIM for each one of the methods. More specifically, the FIM for DLL — CA is
LOTEO

equal to [12] [ t ] in order to capture both x and y locations’ estimation. As for the discussed EKF
0

th)Tth)
l l
based solutions, it is proven in [13] that inverse FIM is equal to the predicted covariance matrix of EKF algorithm.

Since yaw is also estimated by EKF, we have to keep only the parts of covariance matrices which correspond to x and
y positions. Thus, the individual FIM are equal to:

EKF — CA: J71P) = 2911210 O] + 2,1: 219 + 2]
LEKF — CA: J @) = 2011217 + 2,1: 2|70 + 2]

3.5 Challenges in Practical Considerations
This Section discusses three main challenges of CA: i) how ego vehicle matches range measurements from LIDAR
and/or Cameras with the correct vehicle’s id determined by V2V communication, ii) how EKF can be reformulated in
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order to capture and be adaptive to dynamic and modifying star topologies, and iii) range measurements uncertainty.
3.5.1 Data association

It is evident that vehicles which detect nearby objects using their Perception module (LIDAR, Camera, CNN) and
measure the relative distances and angles, don’t have the ability to directly link the measurements with specific V2V
neighbors ids. However, the discussed localization methods rely on the assumption that vehicle i knows in fact that

(z ((itl)], ~((IZ)U) correspond to neighbor j. Therefore, a mechanism which is able to provide this kind of matching is of

great importance.

Ego vehicle i receives from its connected neighbors their GPS positions, i.e. the former knows exactly which (noisy)
positions correspond to individual neighboring vehicles. Since ego is actually interested in computing the differential
coordinates of its neighbor j towards itself, it creates the synthetic relative distance and azimuth angle using its own

GPS position:
|~<x B_5 t)l

© A + arctanlz(’yt)—(yt)l A=0,1
pi
d(t) _ || (t) ~(t) || aS = Z(y t) ~(y t)l 1 31
A + arctanlz(’,;t)#x.t)l A= 25
and then the vector:
(t) = [ d(t)sma(t) d(t)cosa(t)] £q.9

Afterwards, since ego vehicle i receives from j the latter’s vector of range measurements, creates the matrix which
contain the differential coordinates of j towards its own neighbors:

5(t) (1) (t) 5()
—Z sinZ Z
d,j1 az,j1 ®,S S (0
P(t) _ d |N | aZ,]l]V}- | Eq 10
s Z(t) cosz(t) —Z(t) cosZ(t)
d,j1 az,j1 dJ|N,~(t)| aZJINI-(t)l

Finally, i tries to find which elements of P(t) are more similar to x and y components of pgt). For that reason, it has

P(t) 1]” vk, €[], |N.(t)|] Should the minimum is determined, column

(gl;)]l’ ZgJ)LCOSZlth)ﬂ).

The proposed data association strategy correlates GPS with range measurements, since GPS positions indicate the
individual ids of connected neighbors. Obviously, measurements (either GPS or range) highly contaminated by noise
seriously affect the performance of data association. A similar approach is followed in EKF — CA, though instead of
differential coordinates, relative distances and angles are treated separately. We have to point out that under the
assumption that vehicles detect only those vehicles which can communicate, proposed Graph Laplacian methods
exhibit a competitive advantage with respect to EKF — CA: no data association is required for computing ego
vehicle’s differential coordinates, since it suffices to take into account the average of range measurements. The main
steps of the proposed data association strategy for DLL — CA and LEKF — CA are summarized in Algorithm 4

Algorithm 4: Data association

index k; would coincide (in the optlmal case) with the desired (— Zd ]Lsmz

Input: GPS positions, vector of range measurements
Output: matching of vehicles’ ids with the range measurements
For t=1,2,..T do
For each ego vehicle i do
Vehicles transmit to i their 2D GPS positions and vector of range measurements ;
Ego matches range measurements to correct vehicles’ ids (data association) ;
i defines the extended Laplacian matrix th) ;
i computes the differential coordinates Agt) ;

For every neighbor j € ]\fi(t) in parallel do

Page 18 of 55



D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

|Z

~(x,t)_ ~(x,t)
i “Zpj |

© _ |30 _ 50| 4® Am+arctan o omy A = 0.1
. ~ - p.t p.J
i computes dg”’ = ”Zpi —zp’j”, a;” = oD 0 ;
Zp,i _Zp,j [ 1 3
Am + arctan ———=+, A =-,=
|Z~(x:t)_z(x:t)| 2°2
Dl p.J

i creates vector pgt) from Eq. 9;

i creates matrix Pgt) from Eq. 10;

) ) . L ® _ p@r. .
find ky € [1, |J\G. |] which minimize ||ps’ — Pg [:, kq]|| ;

k, would correspond to (

End
End
End

—Z

~§f}isinz(t)

az,ji’

=(t)

=) .
—Zj;COSZ ;

az,ji

3.5.2 Adaptability to modifying CAV’s topologies
Ego vehicle i forms V2V connections with nearby vehicles according to their communication ranges, while they are
moving in urban canyons. As long as the related star topology doesn’t change, ego executes iteratively e.g. the
LEKF — CA, in order to estimate vehicles’ positions. However, when nearby vehicles are moving in the opposite
direction or perform turn maneuvers, then it is likely that after a small time period the star topology will be modified.
This is due to the fact that vehicles exit, enter or both exit and enter the star topology. These three dynamic cases are

highlighted in Figure 10.

Time instant t+1

(a) Exit
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Time instant t+1

(c) Exit and enter
Figure 10: Cases of dynamic CAV's topologies

In all three cases, LEKF — CA has to be reset since both the state vector and covariance matrix do not correspond
to the current neighbors of i. Instead of initialization with DLL — CA scheme, it is more efficient to reformulate the
state vector and covariance matrix in order to capture topology’s modifications, without resetting EKF’s operation.
Therefore, a simple yet effective approach is described which offers a kind of adaptability to LEKF — CA:

1. Vehicles exit the topology (Figure 10-(a)):
Delete the elements and rows/columns of igt_l) and fgt_l)
2. Vehicles enter the topology (Figure 10-(b)):

which correspond to the outgoing vehicles.

Add to igt_l) the 2D positions and yaws of incoming vehicles, using DLL — CA. Add to fgt_l) new rows and columns
with 0’s and 1 to the diagonal, corresponding to incoming vehicles.

3. Vehicles exit and enter the topology (Figure 10-(c)):
Combine 1) and 2) cases.
Note that ego vehicle determines outgoing and incoming vehicles according to their individual V2V ids. The described
approach offers adaptability to dynamic CAV’s topologies to the EKF-based solutions and replaces the locations’
initialization of Algorithm 1 and Algorithm 3.
3.5.3 Range measurements uncertainties
Advanced visual sensors of LIDAR and Cameras capture the traffic scenes and provide fine details of nearby detected
vehicles. Nonetheless, due to a variety of reasons like diverse weather conditions (e.g. sunny, rainy, fog, etc.), night
time, scattered environments, viewpoint changes of sensors, etc., extracted range measurements may suffer from
lower accuracy. Furthermore, in dense urban canyons traffic scenes contain occluded objects, and as a matter of fact
not direct LOS link could be established between the vehicles. To explicitly model those NLOS links, the Gaussian
measurement model of relative distance and angle/azimuth angle is not sufficient. For this task, and as mentioned in
[14], we have to deduce to the two-mode Gaussian mixture:

ng ~a-G(0,069) + (1 - a) Guf**®, a3,

with uy¥%5 > 0 and ¢}'195 > g,. Simply stated, n;t) falls in the LOS distribution with probability & and the NLOS
® (@®
n

distribution with 1 — a. The same goes also forn;”’, n,;.

3.6 Experimental setup and results
We extracted using the CARLA simulator the trajectories of N = 150 vehicles for T = 448 time instances, with
sampling interval AT = 0.4sec. The latter coincides with GPS updating time. Note that in realistic road conditions, if
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updating time is higher than 0.4sec then GPS’s utility is of limited use in real-time applications. Example trajectories
of 50 vehicles moving in the simulated city of CARLA are shown in Figure 11-(a). We have chosen two random ego
vehicles (trajectories shown in Figure 11-(b)) to conduct the related experiments. Additionally, the VANETs which
belong to at four dlfferent time slots are demonstrated in Figure 11-(c), (d)

‘4444]444<Y— TREREEE

Py |

i S

e s ® _ wlXa/

1 Vt ; VANET att= 10
- : b “-,t(/ i
(c) leferent VANETs forego 1 (d) Different VANETSs for ego 2
Figure 11: Trajectories and VANETs

Since vehicles are moving in urban environment with low mobility, linear velocity and yaw rate range between 0 —
20.09km/h and 0 — 0.73rad/sec for ego vehicle 1 and 0 — 22.3km/h and 0 — 0.62rad/sec for ego vehicle 2.
Maximum number of connected neighbors N,,,, ranges between 1 and 7 for the two vehicles with r, = 20m. GPS
noise has been generated by setting o, = 3m and g,, = 2.5m. Additionally, it is assumed that all methods don’t have
any knowledge of measurement noise variance, and as a matter of fact covariance matrices were initialized to
identity. Conducted experiments study the: i) impact of vehicles’ network connections and ii) highly noisy range
measurements between the vehicles, and iii) CA performance. Network connections, i.e. number of connected
neighbors for each vehicle are related to the communication range parameter r,. As evaluation metrics, individual
Localization Error:
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LE((f))—”x(t) [2® A(t)] ”

overall Localization Mean Square Error:
® 1 ® 5(0) A(t)
unss© =25ty [0 -1 5T
and Average Localization Error for the CA task of ego vehlcle i:

©__ 1 x® - [2©
ALEg) = O 1Z,ew<0\l [

have been exploited. Furthermore, we constructed the corresponding Cumulative Distribution Function (CDF).
Two traditional centralized CL techniques have been employed to evaluate the performance of our schemes,

assuming that a fusion center has access to the measurements of the vehicles of the cluster Cl.(t). The first one is in
fact static and relies on Maximum Likelihood Estimation (MLE) critection to define a cost function [15], which
integrates the different measurement modalities. MLE is useful due to its consistency, asymptotic optimality and
normality properties. The aim is to minimize this cost function in order to estimate the positions. MLE is useful due
to its consistency, asymptotic optimality and normality properties. To minimize the cost function, a GD solution [16]
can be used due toits simplicity. This approach was named Maximum Likelihood based Localizationor MLL.
The second method is an adaptive or tracking online method discussed in [17]. It is a straightforward EKF centralized
implementation, in which the vehicles broadcast the necessary information and control inputs to the fusion center,
which in turn estimates their positions. We have extended it by adding to the measurement model: relative distances,
2D GPS positions and yaw measurements, apart from relative angle measurements. As for the state transition
function, the bicycle kinematic model can be used. This method was named Centralized EKF or CEKF.
Additionally, a specific subsection in the Evaluation Study is dedicated to the presentation of distributed
Multi Sensor Multi Vehicle (MSMV) [18] method.

1. Impact of vehicles’ connections

Vehicles may communicate and establish V2V links with a different number of vehicles while they are moving.
Therefore, the amount of relative range measurements could be modified and as a matter of fact, it is straightforward
to study the impact of network connections to the location estimation accuracy. For this task, three different
communication ranges have been utilized, i.e. 7, = {10m, 20m, 30m}, without imposing any restriction to the
maximum allowed number of connected neighbors for each vehicle. Moreover, perfect as well as non perfect data
association will be discussed. For comparative reasons, centralized methods of CEKF and MLL have been
implemented with perfect data association. The impact of communication range is demonstrated in Figure 12, with
o4 = Ilmand g, = 4°.

1.0 1.0 0
599 — y 58% P a
0.8 — GPS 0.8 — GPS
_os MLL 06 MLL
5 65% DLL-CA z 77% —— DLL-CA
0.4 LEKF-CA 0.4 —— LEKF-CA
0.2 CEKF 0.2 - CEKF
—— EKF-CA — EKF-CA
0.0 0.0
18 20 25 50 7.5 100 125 150 175
Locallzat|0n Mean Square EFFDF mz] Localization Mean Square Error [m?]
(a) 7 = 10m, perf.data assoc. (b) . = 20m, perf.data assoc.
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; [t - 1’° 7 50%/ Ve
0.8 0.8 —— GPS
o |l =

w [ — L
[a) 9, —— DLL-
S04 = hEKECA o4 GLMJ LEKFCQA
—— CEKF CEKF'
0.2 —— EKF-CA 0-2
—— EKF-CA
25 . 75 100 125 150 175 4 10 16 18
Localization Mean Square Error [m?] Locallzat\on Mean Square Ermr [m?]
(c) r. = 30m, perf.data assoc. (d) . = 10m, not perf.data assoc.
Lo 3% 7 L0

0.8 — GPS 0.8 GPS
L 06 MLL L 06 MLL
5 75% —— DLL-CA g —— DLL-CA
0.4 —— LEKF-CA 0.4 —— LEKF-CA
0.2 - CEKF 0.2 —— CEKF
— EKF-CA —— EKF-CA
0.0 —_ 0.0
2 4 14 16 18 5 10 15 20
Localization Mean Square Error [m?] Localization Mean Square Error [m?]
(e) 7. = 20m, not perf.data assoc. (f) r, = 30m, not perf.data assoc.

Figure 12: Impact of communication range 1, and data association to the locations’ estimation performance

In all cases, it is clear that as 7, increases so does the reduction of GPS LMSE attained by each one of the methods,
since vehicles integrate a larger amount of information from their neighbors. For example, in Figure 12-(a) LEKF —
CA achieved 65% reduction of GPS LMSE, DLL — CA achieved 34% reduction, EKF — CA achieved 52% reduction,
CEKF achieved 57% reduction, while MLL achieved only 24% reduction. In Figure 12-(b), LEKF-CA achieved 77%
reduction of GPS LMSE, both DLL — CA and EKF — CA achieved 58% reduction, CEKF achieved 65% reduction,
while MLL achieved 46% reduction. Finally, in Figure 12-(c) LEKF — CA achieved 84% reduction of GPS LMSE, DLL —
CA achieved 71% reduction, EKF — CA achieved 63% reduction, CEKF achieved 73% reduction, while
MLL achieved 60% reduction. With non perfect data association (Figure 12-(d)-(f)), which is in fact a much more
realistic scenario, performances of LEKF — CA and DLL — CA have been only slightly reduced. On the contrary,
EKF — CAis seriously degraded as 7, increases, due to the fact that data association is performed in two stages: both
for the range measurements transmitted by the neighbors, as well as those produced by each ego vehicle. Therefore,
the competitive advantage of both LEKF — CA and DLL — CA, i.e. data association is required only for the
transmitted range measurements, has a direct impact to their performances. It is evident that the proposed
distributed tracking LEKF — CA significantly outperforms all the other methods, both the centralized, highlighting
the benefits of multi-modal fusion in the context of compact differential coordinates (instead of pair-wise
measurements) and the connectivity representation of CAV via the Graph Laplacian operator. We conclude that larger
number of connected neighbors positively affects the performance of the two proposed distributed Laplacian
schemes. In the following experiments, communication range equals to 7. = 20m and non perfect data association
will be assumed, unless mentioned otherwise.

2. Noisy range measurements

Range measurements is a key factor for the success of the proposed schemes since differential coordinates derive
directly from them. Measurements from visual sensors like LIDAR and Cameras could be degraded due to occluded
environments, illumination and viewpoint changes, diverse weather conditions, etc. To model these natural
uncertainties but also to investigate the robustness of the proposed schemes, the relative distance and angle/azimuth
angle models have been reformulated in Section 3.5.3 so as to capture both LOS and NLOS links between the involved
CAV. We set uJL05 = 5m, g}'05 = 10m, plt95 = 8° and o'105 = 20°. Additionally, three different values of the
parameter a will be utilized, modelling moderate, high and severe NLOS conditions: a = {0.7,0.5,0.3}. The effect of
the range measurements uncertainties is depicted in Figure 13.
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1.0
0.8
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Figure 13: Effect of LOS and NLOS range measurements links

Accuracy has been decreased with respect to Figure 12-(e), especially for EKF — CA. For instance, with moderate
NLOS in Figure 13-(a) LEKF — CA achieved 69% reduction of GPS LMSE, DLL — CA achieved 49% reduction, while
EKF — CA only 20%. Additionally, distributed LEKF — CA outperformed the centralized methods CEKF and MLL. In
Figure 13-(b) with high NLOS, LEKF — CA and DLL — CA achieved 57% and 36% reduction, while EKF-CA totally
failed to perform since it actually increased GPS LMSE by 57%. Both LEKF — CA and DLL — CA outperformed the
centralized methods. Finally, with severe NLOS in Figure 13-(c) all three methods of CEKF, MLL and EKF — CA
significantly increased GPS LMSE, especially EKF — CA. The proposed LEKF — CA and DLL — CA seem to be much
more effective, since they attained 40% and 19% reduction. We conclude that range measurements highly
contaminated by noise severely impacts the performance of CL and Tracking, especially for those methods who treat
the range measurements independently and pair-wise. On the contrary, the proposed distributed Laplacian schemes
have proven their robustness and effectiveness in a high enough level, explicitly due to the differential coordinates.
The latter are able to reduce the measurements noise since they compute in fact the average of range measurements,
resulting in much more accurate locations’ estimation.

3. Cooperative Awareness evaluation

The accuracy of the discussed methods for ego vehicle case is shown in Figure 14-(a) and (d). For vehicle 1, once again
LEKF-CA outperformed all others, both the centralized ones. In particular, LEKF-CA reduced GPS LE by 68%, DLL-CA
by 58% and EKF-CA by 54%. The same are more or less apparent for ego vehicle 2. In terms of CA performance
evaluation, we plotted the ALE of the three CA schemes in Figure 14-(b) and (e). For ego vehicle 2, LEKF-CA proved to
be the most effective for this task. It actually reduced GPS ALE by 45%, DLL-CA by 30% and ELF-CA by 38%. The same
behavior is also noticed for ego vehicle 1. For the major task of CA, upon which three methods were built, LEKF-CA is
verified to be the most superior since it succeeds in significantly reducing both LE and ALE. Finally, in Figure 14-(c) and
(f) we plotted for the first 200 time instances the averaged over 1000 iterations LE for the two vehicles. It is obvious
that LEKF-CA captures the modifications of star topology, without the need of total re-initialization with DLL-CA. The
proposed strategy of EKF’s modification without reset is proved to be effective, whereas satisfies the property of
scalability. For example, in Figure 14-(c) vehicle 1 has only one neighbor at t = 136. Neighbors were increased to two
at t = 137, while LEKF-CA didn’t need to be reset. Additionally, ego LE was reduced since larger amount of
information was fused. By the same reasoning, ego LE was increased when the N,,,, was reduced. Similar behavior
is also noticed for vehicle 2. CARLA visualizations which contain the results of CA are shown in Figure 15-(c) and (f).
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Clearly, LEKF-CA offers increased situational awareness to the vehicles, much better than simple GPS sensor.
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Figure 14: Location estimation accuracy for self and CA case

It is evident from Figure 15-(a) and (d), that the minimum value of CRLB, following Eq. 8, has been attained by LEKF-
CA, proving in a theoretical base its supremacy and effectiveness in terms of accuracy with respect to EKF-CA and
DLL-CA. Variations of CRLB values are mainly due to the modifications of individual star topology. For a network of M
2D nodes and as pointed out in [11], CRLB decreases (i.e. lower uncertainty about estimated positions) when the
entering node/vehicle introduces at least 2M + 1 measurements. In our case, each vehicle needs to estimate

2(|]\fi(t)| + 1) positions. When a new vehicle enters the star topology, it introduces 2 range measurements and its
2D GPS position: a total of 4 values. Therefore, CRLB will be decreased if only 4 > 2(|]\fi(t)| + 1) + 1. Simply stated,

it needs to be |J\fi(t)| < 0.5 which is unfeasible. As a matter of fact, exactly due to the formulation of the problem,
positioning estimation uncertainty increases/decreases when new vehicles enter/exit the star topology of ego vehicle.
Finally, we plotted the RMSE over 500 iterations in Figure 15-(b) and (e). Clearly, LEKF-CA achieved once again the
greatest performance, reaching very close to the theoretical bound. On the other hand, with EKF-CA the RMSE even
exceeds 20m, far away from its lower bound. The excess between theoretical CRLBs and practical RMSEs were caused
by the measurements noise.
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Figure 15: CRLB, RMSE and CARLA visualization

4. Comparison with MSMV method

To further assess proposed schemes’ performances, state-of-the-art MSMV method [18] will act comparatively. This
approach constructs a distributed framework for self-position estimation comprising actually of two types of
measurements: i) self GPS and IMU sensors outputs, ii) GPS and range measurements transmitted by the connected
neighboring vehicles. These two types of measurements represent in fact the position of ego vehicle, measured by i)

itself and ii) its connected neighbors. For instance, consider ego vehicle i and neighbor j. Position of i measured and

transmitted by j is in the form of: (Z(x 4 Zétj)lsmigj)l, ;00 4 Zétj)l

Kalman Filter is employed to provide a rough estimatlon of i-th posmon. Eventually, by combining the different
positions estimations along with their associated covariance matrices, a global filter is formulated which performs the

cosz ) For each type of measurement, a local

fusion in optimal manner due to the Gaussian measurement noise. A total number of |]\Q(t)| + 1 KFs are utilized by
the ego vehicle so as to provide an accurate position estimation. We have to point out that the discussed framework
doesn’t focus on CA task at all, as we do. Additionally, data association step is omitted and considered optimal when
Jj transmits to i its own estimation, although using only LIDAR sensor the individual vehicles ids aren’t distinguishable
as we have detailed elaborated in Section 3.5.1.
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Figure 16: MSMV evaluation

Figure 16 presents the numerical evaluation with o; = 1m, 6, = 4° and r, = 30m. The first row corresponds to the
optimal data association. For instance, in Figure 16-(a) the overall LMSE for N = 150 vehicles is depicted. MSMV
reduced GPS LMSE by 87%, while LEKF-CA and DLL-CA achieved 84% and 70% reduction, respectively. Additionally,
the same behavior can be noticed for ego LE case. For ego vehicle 1 in Figure 16-(b), MSMV reduced GPS LE by 79%,
while LEKF-CA and DLL-CA by 74% and 66%. The same goes also for vehicle 2 in Figure 16-(c). Clearly, MSMV exhibits
slightly better performance than ours LEKF-CA. Nonetheless, in the much more realistic scenario of non optimal data
association, the performance of MSMV is severely degraded (second row of Figure 16). For the overall LMSE in Figure
16-(d), MSMV exhibits 68% reduction of GPS LMSE, instead of 81% with LEKF-CA. Furthermore, for vehicle 2 in Figure
16-(f) MSMV attains 60% reduction of GPS LE, instead of 70% with LEKF-CA. By inspecting the two rows of Figure 16,
we deduce that the impact of non optimal data association is much stronger to MSMV. This is due to the fact that the
local KFs are employed independently for each type of measurements, thus increasing the potential footprint of range
measurements uncertainty. It is proven once again that the compact and unified treatment of measurements
performed by the Graph Laplacian schemes, offers high enough position estimation accuracy.

3.7 Demo video repository

An indicative demo video shown the accuracy of Cooperative Awareness for a random ego vehicle along with its
neighbors in CARLA environment, is shown in:
https://drive.google.com/file/d/1wxy-41LTaBoWYj-KKPXchijnOlyBiiRM/view?usp=sharing
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The Python code required for producing the associated results is available in:
https://gitlab.com/isi athena rc/cpsosaware/cooperative-localization-and-tracking/ros ekf

4 Global Cooperative Awareness through information diffusion?

Global Cooperative Awareness of CAVs, i.e., vehicles of a VANET to be aware of its own but also of its multi-hop (not
just direct) neighboring vehicles states is explicitly discussed in this Section. To do so, we design distributed multi-
modal localization approaches. We utilize information diffusion on graphs formed by moving vehicles, based on
Adapt-then-Combine (ATC) strategies coupled with the Least-Mean-Squares (LMS) and the Conjugate Gradient (CG)
algorithms. We treat the vehicular network as an undirected graph, where vehicles communicate with each other by
means of Vehicle-to- Vehicle communication protocols. Connected vehicles perform cooperative fusion of different
measurement modalities, including location and range measurements, in order to estimate both their positions and
the positions of all other networked vehicles, by interacting only with their local neighborhood. The trajectories of
vehicles were generated either by a well-known kinematic model, or by using the CARLA autonomous driving
simulator. The various proposed distributed and diffusion localization schemes significantly reduce the GPS error and
do not only converge to the global solution, but they even outperformed it. Extensive simulation studies highlight the
benefits of the various methods, which in turn outperform other state of the art approaches. The impact of the
network connections and the network latency are also investigated.

4.1 Preliminaries
Consider a network graph of N nodes/vehicles (example depicted on Figure 17), where each node i (i = 1,...N) has
access to a scalar measurement dgt) € R and a regression vector ugt) € RY at time instant t (t = 1,...T). Edges

between nodes imply communication connection. It is assumed that each node follows a linear measurement model
according to:

4O = u®Tw® 4 n® Eq. 11

As it will be thoroughly explained in the following Sections, the general model of Eq. 11 lends itself for cooperative
localization applications, since dgt),ugt) and w® refer to differential coordinate and V2V neighbors of vehicle i, as

well as the positions of all VANET’s vehicles, respectively. The network’s objective is to optimally estimate the,

common across the nodes, parameter vector w® € RM. Note that ngt) is a zero mean spatially independent
measurement noise

Figure 17: Network of N nodes

2 N. Piperigkos, A. S. Lalos and K. Berberidis, "Graph Laplacian Diffusion Localization of Connected and Automated Vehicles," in
IEEE Transactions on Intelligent Transportation Systems, doi: 10.1109/TITS.2021.3110650.
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, with variance g2. To this end, the following global optimization problem can be defined:
N

2
argmin, o] (W®) = argmin, Z (dl@ _ ugt)TW(t)) Eq. 12
i=1

It is proven that the optimal vector at time instant t is equal to:

N 1 N
w® — (Z ngt)> z rgt)’ Eq. 13

i=1 i=1

with positive semi-definite covariance matrix Rgt) = u(t)u(t) and cross correlation vector r( ) = (t)Td(t) As it may
be obvious, Eq. 13 is actually a centralized (least- squares) implementation since all nodes have to broadcast their
measurements and regression vectors to an overall fusion center, which in turn will estimate parameter w® and
inform nodes about it. However, it is more robust and cost effective for each node to estimate w® in a distributed
manner and on its own, relying only to its connected neighbors. Distributed implementation of Eq. 12, which the
proposed Graph Laplacian methods will be derived from, is discussed in the following subsection.

A gradient descent based solution will be employed to address the distributed solution of Eq. 12. For a total number
of iterations, say K, the optimal vector at each iteration k is given by:

aJ (wto
Wgt,k+1) _ ngt,k) _® /( )

TGO Eq. 14
1)
where ag(w(tk)) = (R(t) (k) _ (t)) and small scalar step size u® > 0. Thus,Eq. 14 is given by:
(tk+1) _ _ (tk) ®T ( () @®.. (tk) Eq. 15
Wi =W; _#(t)z U; (di —uw; ) I

i=1

Although Eq. 15 is not a distributed implementation since data across the whole network are required, it motivated
the development of distributed ATC diffusion LMS algorithm [19]:

Eq. 16
(tk+1) _ (LK) ® (t)T ® ®,,, @tk

Y; =wp T Tlu (di —Uu;w; )

w;

(tk+1) _ Z (t)lp(tk+1) Eqg. 17

The neighborhood of node i is the set Ni(t) with cardinality |J\Q(t) |, consisting of self and neighbouring nodes. During

the adaptation step of (6), each node i estimates in parallel the intermediate vector 1/)?’“1), based on the previously
estimated vector W(t ) and the pair {dgt),ugt)}. During the combination step of Eq. 17, each node i again in parallel,
receives the mtermediate vectors from its neighbourhood and convexly combines them, in order to estimate the
common parameter vector. That last step is critical for feasible estimation of the parameter vector. Actually without
it, the node is unable to estimate accurately the desired vector. Combination weights c; 1) define the combination
matrix C®® € RV*N_ A typical choice for combination weights is based on the Metropolis rule [20].

A variant of ATC has also been proposed, where a convex combination operation is added to the adaptation step,
leading to ATC with measurements exchanges diffusion LMS:

tk+1) _ (k) t) ®). (OT ( 4t ®.. (tk) Eq. 18
Y; =w; Z Cii Yy d —Uuw; )

1en®
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(tk+1) _ (©),,(tk+1) Eq. 19
i = Cit

Wl l

len®

Notice from Eq. 18 that each node receives now the pair {dl(t),ugt)} from its neighbours, adding one more

communication and exchange step to the diffusion algorithm. The LMS diffusion strategy of ATC with measurements
exchanges for node v 4 is describing on Figure 18. Consequently, each node estimates the common parameter vector
in a distributed manner, hence avoiding the heavy computational burden of a centralized processing architecture.

1. dreN
Exchange | (- di} o T ' I’lk
2 ¢1k+1
Adaptation
Cu
4. 3.
Combination Exchange gk
Wkt B “
(vy) - V2
Wil Pt
(Ve) L (Ve)
(va) e Vo)

v k1
Wkt Y3

Figure 18: ATC with measurements exchange

Before we proceed with describing the proposed distributed and diffusion localization strategies, we will shortly
review our previous work on Centralized Laplacian Localization (CLL) [10], [21], [22]. The latter, a graph
based approach for Cooperative Localization (CL), performs cooperative multi-modal fusion, exploiting the spatial
coherences and connectivity properties of the vehicles of a vehicular network. Furthermore, a measurement model
fusing GPS positions, range measurements and the topology of VANET using the linear Graph Laplacian operator, is
utilized. The main assumption of that approach relies on the feasible estimation of the so-called differential
coordinates, by encoding each vehicle’s position relative to its neighbouring.

We define the Laplacian matrix of VANET graph L® € RNV*N a5 L(® = p® — y® where DO, 7® € RN*VN gre the

T
degree and adjacency matrices of VANET graph. The differential coordinates per vehicle 8?) = [5i(t'x) 6l.(t'y>] € R?
are equal to:

1 ]
S(t.X) § ®) J,.(15) _ () . ~(D)
f i

len® len(®

and

1 ]
S(t’y) § ®) J’(t) ~(b) ~(t)
¢ i

len® 1en®

By creating the vector 8% € RN (x-differentials), the x-coordinates position of vehicles (as vector x(© € R") follow
the linear measurement model:
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L®Ox®) = p® §tx) Eq. 20

However, L® is positive semi-definite and non-invertible [23], and as such Eq. 20 is reformulated by creating the

- - L® D®§tx)
extended Laplacian matrix L® € R?V*N a5 [(® = []] ] and vector s € R?V as s(t¥ = 50 |, where
N p

ig‘x) € RY are the GPS x-positions.The latter act as anchor points [6]. Therefore, Eq. 20 transforms to:

LOx® — gtD) Eq. 21

which can be solved in the least-squares sense and estimate the x-positions of vehicles. Obviously, the same
approach is followed for y-positions y® € R". Note that we make an explicit statement about data association, i.e.
for every range measurement (Zgi)l or Zfltz)l
it is possible to model the associations by comparing range measurements with GPS positions of neighbors, we
assume that data association is given to us as part of a pre-processing step. Thus, CLL assumes that communication
and sensing graph are identical.

However, Eq. 21 is a centralized implementation, since the vehicles are required to broadcast and send their ids and
measurements to a central node/fusion center (e.g. 5G cloud), which in turn will estimate and inform them about
their positions. This is exactly what should be avoided due to serious limitations and drawbacks of central node
operation like malfunctioning or cyber-attack. CLL will act as a baseline to the development of fully distributed
solutions for CL.

4.2 Graph Laplacian LMS

It is important to notice the resemblance between Eq. 20 and Eq. 11. In both cases, the vector to be estimated is
linearly correlated with measurements and regression vectors. In the localization framework the differential
coordinates, divided by nodes’ degrees, act as the measurements, while the rows of Laplacian matrix as the
corresponding regression vectors. Subsequently, for each vehicle the following linear measurement model (for x-
coordinates) is defined:

;) of vehicle i, the latter knows which vehicle [ is associated with. Although

Si(t,x) _ Lg:t)Tw(t) Eq. 22

ix

where the unknown vector wf? € RY corresponds to the x-coordinates position of vehicles, estimated by vehicle i.
Apparently, the optimal vector is common across the vehicles of the network. Based on that local model, each vehicle
is totally unable to estimate its position and all others on its own. Only by means of cooperation and information
diffusion through V2V and 5G related protocols, the vehicles can learn the desired vector. As a natural consequence
of Eq. 16 and Eq. 17, the two steps of the proposed Graph Laplacian LMS or GLLMS approach are derived:

(tk+1) _  (tk) ®) 7 (OT [ o(tx) ®,, (LK) Eqg. 23
ix = Wiyl —HiLg (5i —Liwy ) 7
(tk+1) _ () (tk+1)
Wix = Cit Wix Eq. 24
ten®

At the adaptation step of Eqg. 23, each vehicle estimates in parallel the intermediate vectors, using the pair

{6l.(t'x), Lg:t)T}, while in the combination step of Eq. 24, receives from and sends to the neighborhood the intermediate
vectors, in order to estimate the desired vectors. At the end of that procedure, each vehicle will estimate and
converge to the same location vector. During the initialization stage at time instant t, the desired vector is set to the
GPS positions of the vehicles, as a rough estimation of the solution vector. Vehicles via, e.g. TDMA protocol, are in
fact informed about the noisy locations of all VANET’s vehicles (not just neighbors), in order to successively estimate
their positions. The GLLMS approach for x-coordinates is summarized on Algorithm 5.
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Algorithm 5: Graph Laplacian LMS or GLLMS

Input: N, T, K, 22,6, L9, ¢®

Output: wgt‘x) eRN,ieN
Fort =1,..T do
For each vehicle i in parallel do

t1) _ S(tx)
Wi =2,
Fork =1,..Kdo
yﬁ) from Eq. 29;
th+1) _ (LK) @)@ (o(tx) @®, (R .
ix = Wiy —HyiLg (61‘ —Liwiy )'
(tk+1) _ ®)ptk+1,
Wi,x - Cit 1plx ,
ien®
End

End
End

It is worth mentioning that each vehicle is interested enough to not only estimate accurately its own position, but
also its direct neighborhood and all others vehicles of the network. Since individual vehicles would estimate on its
own the entire location vector, the distributed and diffusion localization will facilitate the design of an efficient
individual path planning and control mechanism. The latter will determine the best possible future driving actions,
improving the overall performance of VANET in terms of e.g. reduced traffic accidents and fuel consumption.

4.3 Graph Laplacian Conjugate Gradient for improved cooperative awareness

The previous distributed and diffusion localization method converges each time instant to the global solution at the
cost of high enough total number of iterations. This is a serious limitation towards real-time implementation, since
the vehicles are required to estimate their positions before the new GPS measurement arrive, namely between 100-
300 ms. Since vehicles are connected through V2V, it is expected that an additional measurement exchange step, will
speed up the convergence of diffusion. Usually, CG algorithm is employed to accelerate LMS type approaches. The
acceleration is attained due to the fact that CG selects the successive direction vectors towards solution as a conjugate
version of the successive gradients obtained at each step. The conjugate directions are not specified beforehand, but
rather are determined sequentially at each step of the iteration. The directions are based on the gradients, therefore
the process makes good uniform progress toward the solution at every step. Furthermore, no line searching is
required at any stage as in LMS.

() ®
We define matrix Ugt) € RMi XN and vector q; € R?i | by putting together the rows of Laplacian matrix and
differential coordinates, respectively, which belong to the neighborhood Ni(t). As a matter of fact, neighboring

vehicles broadcast the pair {Lg:t)r, SI(t’x)}, vehicle i receives them and together with its own data, defines {Ul@, ql@}.

The first row/element of the pair corresponds to i-th vehicle. Thus, the following linear problem can be defined:

®,,® _ _® Eq. 25
U;"w;, =q;

Furthermore, if we utilize the instantaneous positive semi-definite covariance matrix Agt) = Ugt)TUEt), Agt) € RNV*N

and covariance vector bgt) = Ugt)qut), bgt) € RY, we end up (as a direct sequence of Eq. 25) to the following linear
problem:
Algt)wft) — bgt) Eq. 26

.,x

The CG optimization method is used to tackle Eq. 26, avoiding the high complexity and unstable performance of RLS-
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type methods. Its main idea lies on the fact that a set of direction vectors conjugate to Agt) are exploited to estimate

the desired optimal vector w( )

However, Eq. 26 corresponds also to the minimization of cost function [24] V( (t)) = IE{(th))Z} - b@TwE? -
(t)Tb(t) + w(t)TA(t) (t) . The main steps of the proposed Graph Laplacian CG or GLCG are summarized on

Algorlthm 6.
Algorithm 6: Graph Laplacian CG or GLCG

Input: N, T, K, 207,67, U, P, ¢®, 2

output: w'"™” € RV, i € N
Fort =1,..T do

For each vehicle i in parallel do
1) _ (&%)

Wlx Zp ;

AP =uPTU® + 10771,

CIVCLAC)

gfl) B — AOWED;
MO ggn

Fork =1,..Kdo

k+1T _(k
(+)g§)

(k+1)TA(t) (k+1)’

a; =

i
1p(t k+1) (tk) +ar (k+1)

3 = 24

k+1 k
g8 =g + a

(k+1) (k) (k+1)
( ) 9g; g(k+1)Tg(k+1)

II

(k) +b(k) A(t) L,
(k+1)

9; — 9

i = min 0T _(k ) 0T _(k ;
gTg® gTg®

(k+2) _g(k+1) +Bi (k+1)_

l

W(t k+1) _ (t)w(t k+1)

Lx

jen®
End
End
End

Optimal step sizes a; are computed as the minimizing arguments of V, factors f5; are to be ensure Al@-orthogonality

for the direction vectors r;, while g; is the negative gradient of V. Factors f5; are chosen as the minimum between
(g(k+1) gk))T (k+1) §k+1)T (k+1)

the Polak-Ribiere formula gF® = (k); @) : and Fletcher-Reeves /R =W, in order to avoid

anomalous behaviour and numerical instability. A forgetting factor 0 <A < 1 is employed to update the

instantaneous covariance vector. We choose 1 = 0.2. Note that small factor 1077 - Iy has been added to Agt), since
the latter is in fact an ill-conditioned and low-rank matrix, as a product of rows of singular Laplacian matrix. This a
serious limitation of the optimization method, since the convergence speed is determined by the condition number

K(Agt)) = K(Ul@TUEt)) = K(Ulgt))z: the larger K(Agt)) is, the slower the improvement towards solution [25].
However, by means of information diffusion, GLCG finally succeeds to converge to the optimal solution vector. Note
that if ,Ugt) were chosen to be ,Lgf), i.e. avoiding to use measurements exchanges, then ,Agt) would be rank-one
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matrix, almost prohibitive to be used in estimating the location vector.

Therefore, a novel distributed localization scheme based on ATC framework and CG optimization with measurements
®

A

exchanges has been developed. Each vehicle creates the matrix/vector {U ,ql@}, by receiving the transmitted

{Lgf)T, Sl(t‘x)} from its neighborhood. Afterwards, it estimates the intermediate vectors using CG method and exploits
its benefits. Finally, it estimates the desired location vector by a convex combination of neighboring intermediate
vectors.

Although the communication burden is now increased, it can be performed in efficient manner, since each vehicle
has to broadcast only a scalar value and a sparse vector with non-zero integer entries equal to |J\fi(t) |. Laplacian matrix
is actually sparse, since vehicles are connected only to a subset of operating vehicles. The measurements exchanges
step has a significant impact on the convergence speed of the proposed schemes.

4.4 Graph Laplacian LMS for improved cooperative awareness

The main limitation of GLCG is related to the ill-conditioned Algt), which may deteriorate the performance of diffusion,
as well as optimal step sizes a; and f3;. Since the latter are estimated directly from available data, they are also
vulnerable to increased noisy data, coming either from uncertain measurements or network latency (past estimations
treated as current). As such, a variant of GLCG countering those drawbacks, which in addition will act comparatively,
should be developed. Diffusion LMS solution of Eq. 25 derives exactly from Eq. 18 and Eq. 19, formulating the
proposed method of Graph Laplacian LMS with measurements exchanges or GLLME:

(tk+1) _ _ (tk) ® &)y OT [ (tx) ®,,, k)
ix = Wix T Hy i Ly (51 — L wiy ) Eq. 27
len®
(tk+1) _ )y, (t.k+1) Eq. 28
Wix = Cit Wix
1en®

During the adaptation step of Eq. 27, an extra communication step has been added, since each vehicle receives from
connected neighbors the pair of [-th row of Laplacian matrix and the [-th differential coordinate, in the form of
{Si(t'x), Lg:t)T}. At the initialization stage, once again the noisy GPS locations are utilized as a rough estimation. The
GLLME approach is summarized on Algorithm 7.

Algorithm 7: Graph Laplacian LMS with measurements exchanges or GLLME

Input: N, T, K, 22,6, L®, ¢®

Output: WEt'x) eRN,ieN
Fort =1,..T do

For each vehicle i in parallel do

t1) _ (tx)
Wi =2,
yg-) from Eq. 30;

4

Fork =1,..Kdo

(tk+1) _  (tk) ® @® (@) ® &R,
ix =Wix T Hyi L, (51 — L wiy )
len®
(tk+1) _ ®),ptk+1,
Wix = Cii Wix
ien®

End
End
End

Therefore, both GLCG and GLLME are actually addressing the same optimization problem of Eq. 25, employing CG
and LMS with measurements exchanges algorithms, respectively. They mainly focus on improving cooperative
awareness ability via the integration of additional information, with respect to GLLMS. However, GLLME doesn’t

Page 34 of 55



D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

utilize the ill-conditioned Agt). At the same time, the optimal step size of the proposed scheme, as well as that of
GLLMS, can be optimally determined according to the best practices, i.e. exploiting the connectivity topology of
vehicles (shown in the next subsection). Thus, avoiding the impact of highly contaminated by noise heterogeneous
data to the performance of Laplacian diffusion. Finally, note that the communication overhead of GLLME is the same
as GLCG, since the same data pair has to be broadcast.

The regression vector Lg:t) is a deterministic quantity, since is referring to i-th row of Laplacian matrix. This property
)

i and ugi), respectively, for convergence in the mean sense [26]: 0 <

facilitates the optimal selection of step sizes ui
W) < ——and 0 < uff) <

max
M

®T y (®
Li: Li:

Jmax The A***corresponds to the maximum eigenvalue of instantaneous covariance
2

, While A3***corresponds to [19] the maximum eigenvalue of instantaneous covariance positive semi-

® ® _
le]\/‘i(t) Ci 1,0
® _

2,0 lgnax_l_lgninl

matrix

definite matrix ), (Lg:t)TLg:t)). At the same time, maximum convergence speed is attained when: u

and u where A", A7"" . are the minimum eigenvalues of corresponding covariance

Agnax+l§nm
matrices.

Proposition 1: To ensure fast convergence to the optimal solution and asymptotic unbiasedness of GLLMS and
GLLME, the following must hold:

W =2/ =12 + IV - 1)
W9 = 2/
Proof:
Covariance matrix Lg:t)TLg:t) is in fact a rank-one matrix, as a product of vector and its transpose. However, rank-one
matrices have only one non-zero eigenvalue. Thus, A;ni" = 0. Furthermore, the trace of a matrix is equal to the sum
of its eigenvalues, i.e. to the largest eigenvalue in case of rank-one matrix. Therefore:

2
e = (PP = 1P = a1 - 2+ Iv©Or -1,

Furthermore, we set:
mi Eq. 29
y;? = min(0.1, 2/((|Jv;.<°| -1)2 + |]\fi(t)| - 1) q

) = min(0.1,  2/A3%%) Eq. 30

in order to avoid large step sizes which may slower down the convergence. Finally, the convergence in the mean sense
of GLLME is guaranteed as follows:

Proposition 2: A sufficient condition of asymptotic unbiasedness of GLLME is provided by:
2

e @ (AN = 12 + 170 - 1)

0< gy <

Proof:
By the properties of positive semi-definite matrix (non-negative eigenvalues and at least one zero eigenvalue), we

derive that A’Z"in = 0. As mentioned in [26], the largest eigenvalue of a real symmetric matrix is convexin the elements
®

i » We have:

of that matrix. Thus, and due to the convexity of ¢

®) (7 @OT 4 () ® (®OT 5 (8)
Amax Z Ci (Ll: Ll:) = Z Cii Amax (Ll: Ll:)

1en(® 1en®
T T (t
< argmax,_, ©Amax (Lgf) Lgf)) = argmaxleN_(t)tr(Lg:) Li))
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= argmax

K " .
1en® || = argmax, (N = D + 1% - 1)

& 1 < argmax,_ o (1M - D2 + 13O - 1.

4.5 Experimental setup and results
CARLA simulator has been employed to extract different traffic patterns of vehicles moving in an urban city (example
shown in Figure 24).

200
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(a) Ground truth (b) VANET graph example
Figure 19: Reference trajectories and VANET graph

We generated also the positions of N vehicles using the bicycle kinematic model of Eq. 3-Eq. 5. To evaluate the
effectiveness of the introduced approaches, we assume that vehicles are always members of VANET, with g, = 3m
and g, = 2.5m resulting in average GPS localization error of 3.4m. Ground truth for N = 3 vehicles and a VANET
graph is shown in Figure 19. The simulation horizon was set to T = 500 time instances, with sampling interval AT =
0.1s. GPS updating time was chosen to coincide with the sampling interval AT of simulation. However, in realistic
conditions updating time may be much higher, and as a matter of fact GPS’s availability for real-time applications is
reduced. For that purpose, the prediction step of Kalman filter can be utilized in order to provide GPS-like position
[27], until the next true GPS measurement is provided by the sensor. In any case, instead of GPS, a visual odometry
like solution which meets real-time constraints can also be used [28]. The communication range was initialized to . =

20m. We create matrices P® = [x(®  y®] € R¥*2 and Wgt’k) = [wgs’ck) wg,ty’k)] € RV*2 vi k. We measured the

normalized Average Mean Square Deviation (AMSD) [18] of VANET over T for each iteration:
T N &k ||?
AMSD(K) = lz 1 ”P(t) -Ww; ||
B T4LiNe POz’
= i

=1

and the Localization Mean Square Error (LMSE) at each time instant:

N
LMSE(t) = %Z o -wi| i
i=1

Since vehicles utilizing the proposed distributed and diffusion approaches converge to the same location vector, LMSE
has been computed exploiting the estimation of a random vehicle for each associated experiment. The conducted
experiments were based on: i) the impact of connectivity topology of involved vehicles, i.e. VANET size N and
maximum number of neighbors N,,,., ii) network delay effect, and iii) range measurements uncertainty. The latter
dictates the feasible estimation of differential coordinates even in occluded and highly complex environments, which
is considered vital for the convergence speed and location estimation accuracy of the proposed methods. Finally, we
constructed the Cumulative Distribution Function (CDF) of LMSE. As it will be shown, all three proposed approaches
outperform in terms of location estimation accuracy, the distributed Jlow cost variant
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Distributed Laplacian Localization (DLL) [10] of CLL and the method of MLL. The former estimates only the
ego-vehicle location, using the noisy positions of local neighborhood and the so-called local Graph Laplacian operator.
The latter is chosen since it exploits exactly the same multi-modal data as we do, while it utilizes for fusion the,
prominent in CL literature [6], maximum likelihood estimation criterion.

1. Impact of VANET size:

VANET size is a critical factor for successive Graph Laplacian diffusion localization, due to the growing size of the
common location vector that needs to be estimated by the vehicles. In Figure 20, we depict the AMSD and
corresponding CDF’s for N = 3,13 and 15, with K = 70, N4 = 6 and o4 = 1m, g,, = 4°. More specifically, in
Figure 20-(a) all three diffusion schemes significantly outperformed CLL, requiring only 1 iteration, avoiding
constantly receiving and broadcasting measurements. That superior performance is also present on the CDF of LMSE.
The reduction of GPS LMSE is 84% with GLLMS, GLLME and GLCG, 65% with CLL, 62% with DLL and 53% with
MLL. The significant location estimation performance of the proposed approaches has been achieved since vehicles
are more likely to be all-to-all V2V connected. With a larger VANET size, more iteration are required for convergence.
In Figure 20-(b) with N = 13, GLLME and GLCG converged faster than GLLMS, i.e. in around 20 iterations instead
of 35. Clearly, measurements exchanges step enhanced the convergence speed of diffusion, since additional
knowledge of global solution is utilized. Moreover, all three approaches outperformed all others in terms of location
estimation. The reduction of GPS LMSE is 90% with GLLMS,GLLME and GLCG, 87% with CLL and 80% with
DLL and MLL. Finally, in Figure 20-(c) with N = 15, GLLME and GLCG converged in around 40 iterations, instead
of 60 required by GLLMS. Moreover, the reduction of GPS LMSE is 87% with GLLMS, 89% with GLLME and GLCG,
86% with CLL and 80% with DLL and MLL. Evidently, GLLME and GLCG are much more efficient in terms of
convergence speed than GLLMS, when VANET size grows. At the same time, all three methods exhibited superior
location estimation performance over CLL, DLL and MLL.
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Figure 20: Learning curves and CDF with max. neighbors Nmax = 6

2. Impact of vehicle connections:

Vehicles may communicate with a different number of neighbors while they are moving. Since the Graph Laplacian
regression vectors represent in fact those possible V2V connections, it is straightforward to study the impact of Ny,
to the diffusion schemes. Therefore, the effect of that parameter in convergence speed and location estimation
accuracy is demonstrated in Figure 21, with N = 10, K = 70 and o; = 1m, g,, = 4°. For example, in Figure 21-(a)
we depict the AMSD of GLCG for Ny, = 4,6 and 10. Clearly, the optimal CLL solution is achieved when N,,,,, = 10,
since vehicles integrate greater amount of information. Accordingly, GLCG with N,,,, = 10 converged much faster
to the optimal solution, i.e. in around 10 iterations. Each vehicle is connected to a large number of neighbors, even
to the overall number of VANET’s vehicles, and thus it is much for efficient to estimate the entire location vector in a
fully distributed manner. Additionally, GLCG with N,,,, = 6 converges in around 20 iterations, while Ny, = 4
requires much more iterations than K = 70. In Figure 21-(b), the reduction of GPS LMSE is 88% with GLLMS, GLLME
and GLCG and 83% with CLL. In Figure 21-(c), with Np,4, = 10, performances have been improved. For example,
the reduction of GPS LMSE is 90% with GLLMS, GLLME and GLCG and 87% with CLL. Once again, the proposed
distributed and diffusion schemes outperformed not only the global solution, but also DLL and MLL. Consequently,
the impact of V2V connections, in the form of Graph Laplacian regression vectors, is crucial for the convergence speed.
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Figure 21: Impact of connections with VANET size N = 10

3. Impact of network delay:

The upcoming 5G standard will include Ultra Reliable Low Latency Communication (URLLC) services. URLLC is designed
for applications that require stringent latency and reliability requirements in vehicular communications [29]. Clearly,
the network of vehicles must be time synchronized, which means that each vehicle transmits to neighbors the
intermediate vectors before the next iteration k + 1. However, according to URLLC specifications, communication

delay can be regarded around 10ms for a network of approximately 10 vehicles, with velocities lower than 10m/s.
(tk+1) _
ix -

To this end, and based on [30], the location estimation vector at every iteration is now provided by: w

Qe ci(lt) gt,'ck“_ﬂ. Small integer T > 0 indicates the delayed version of intermediate vectors received by vehicle i.

Each vehicle broadcasts CAM messages at least every 100ms, while the maximum delay introduced by V2V
communication can reach 300ms [31] at heavy traffic density 0.1 vehicles/meter. Therefore, for every iteration of
proposed algorithms we have at most 400 ms delay, which imply that 7 can reach 4, i.e. vehicle i receives vectors

tpﬁkﬂ_‘l) by its neighbors, estimated 4 iterations before.

Network delay effect in Graph Laplacian diffusion is demonstrated in Figure 22, with N =13, K =70 and g4 =
1m,0,, = 4°. The GLCG has been omitted from evaluation, since it was verified during the conducted experiments
that totally failed to operate. That drawback is related to computing the optimal step size a; and factor §; directly
from available data. Due to the fact that past estimations are actually used, the two main parameters are significantly
deviate from their expected values and negatively influence the convergence of GLCG. The bad condition number

K(Ugt))2 additionally affects GLCG. In Figure 22-(a), the network delay parameter, for each vehicle and iteration
number, is randomly chosen (with probability 0.25) to take values from the set T =[1, 2, 3, 4] in order to
simulate random time-varying delay for each vehicle. Clearly, GLLME converges much faster than GLLMS. The latter
actually requires more iterations than 70 in order to converge effectively. However, the convergence speed in general,
has been significantly reduced compared to Figure 22-(b). GLLME achieved 90% reduction of LMSE (greater than
CLL), while GLLMS 86%. To further investigate the impact of delay, we set that each vehicle receives from 80% of its
neighbors the intermediate vectors estimated 7 = 4 iterations before. From Figure 22-(b), we derive that GLLME
attains much higher convergence speed than GLLMS once again, though significantly increased with respect to
previous case. GLLME achieved 86% reduction of LMSE, while GLLMS 82%. Finally, with T = 4 for all vehicles and
their neighbors, network delay has a much stronger footprint, as demonstrated in Figure 22-(c). Once again GLLME
exhibits higher convergence speed, though it can’t converge during K = 70 iterations. Network delay impacts also
on location estimation accuracy, since GLLME achieved 83% reduction of LMSE, while GLLMS 77%, both lower than
CLL. Therefore, we conclude that GLLME seems to be more robust to network delay effect, i.e. time-varying delay
parameters and constant parameter with stronger footprint, than GLLMS both for the case of convergence and
location accuracy.
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Figure 22: Network delay study with VANET size N = 13, max. neighbors Nmax = 6

4. Impact of range measurements uncertainty:

In highly complex urban environments, vehicles may exhibit non-line-of-sight conditions, limiting their ability of

accurate relative measurements. The impact of uncertainty in range measurements is depicted in Figure 23, with N =

15 and K = 70. Differential coordinates with increased measurement noise may deteriorate the performance of

diffusion schemes. For example, in Figure 23-(a) we present the AMSD for GLLME. The optimal CLL solution has
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been achieved with the lowest range noise, i.e. a; = 0.2m and o,, = 0.4°, since it facilitates the feasible estimation
of differential coordinates. The GLLME converges in around 30 iterations. However, when range noise increases,
GLLME fails to converge during K = 70 iterations. Especially in the case of 6; = 4m and 0,, = 7°, GLLME is far
from the optimal global solution. In Figure 23-(b), the reduction of GPS LMSE is 89% with GLLMS, 92% with GLLME
and GLCG and 88% with CLL. Evidently, GLLME and GLCG outperformed all others, including DLL and MLL.
However, in Figure 23-(c), the reduction of GPS LMSE is 76% with GLLMS, 69% with GLLME, 64% with GLCG and
66% with CLL. The GLCG approach exhibits lower performance than all others, except MLL. The GLLMS approach
proves its robustness, since each vehicle utilizes only its own differential coordinate, and thus limiting their noisy
impact. The two other diffusion schemes are severely degraded, due to their main feature: receiving the noisy
differentials of their connected neighbors. Thus, range measurements uncertainty is a critical factor of both
convergence and location estimation of Graph Laplacian diffusion.
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Figure 23: Range measurements uncertainty study, assuming a VANET with N = 15 vehicles, while the maximum number of neighbors is Nmax
=6

Therefore, we conclude that measurements exchanges step significantly increases the convergence speed towards
the global solution of CLL, by broadcasting only a scalar value and a sparse vector. At the same time, LMS with
measurements exchanges exhibits almost the same convergence speed and location estimation accuracy with CG,
and even outperform it in the case of network delay and increased range measurements noise. Thus, it isn’t required
to optimally select the step size as the optimizing argument of the gradient, or to perform conjugate steps towards
the solution as GLCG does. An LMS based solution, exploiting step sizes according to Proposition 1 and 2, would be
suffices for effective Graph Laplacian diffusion localization.

5. Evaluation in CARLA simulator:

The effectiveness of vehicular diffusion localization has been further validated using random realistic trajectories
generated by CARLA. The latter is a renowned autonomous driving simulator, extensively used in various automotive
applications, especially in computer vision based CAV perception. Therefore, we extracted the trajectory of a random
objective vehicle (id 131) and those which belong to the same VANET or cluster as the objective, for T = 448
instances. We remind that clusters are formed by imposing a fixed communication range 7. = 20m and maximum
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number of neighbors N,,,, = 6. Objective’s trajectory and associated clusters at four distinct time instances are
depicted in Figure 24. Black dot represent the objective vehicle. The size of clusters ranges between 2 and 26 vehicles.
Total number of iterations is set to K = 70. Learning curves of AMSD have been omitted from evaluation, due to the
fact that clusters don’t contain the same vehicles as time evolves. Actually, different vehicles enter or exit the
associated cluster during the simulation horizon.

Cluster at t = 380

(a) Ground truth (b) Clusters
Figure 24: Reference trajectory and clusters at four time instances in CARLA

In Figure 25-(a), we demonstrate the Localization Error of objective vehicle, with 6; = 1m and og,, = 4°. The
reduction of GPS Localization Error is 72% with GLLMS, GLLME and GLCG and 59% with CLL. The overall location
accuracy achieved by the objective vehicle, in terms of estimating the location vector of its cluster using the three
proposed approaches, is depicted in Figure 25-(b). We measured the Average Localization Error of the associated
cluster using the entire location vector estimated by the objective vehicle each time instant. The reduction of GPS
Average Localization Error is 59% with GLLMS, 60% with GLLME, 59% with GLCG and 51% with CLL. Finally, in
Figure 25-(c) we plotted the Average Localization Error of objective vehicle over 200 iterations, for the first 100 time
instances. Clearly, all three proposed approaches significantly outperformed CLL. Moreover, the peaks of diffusion
towards the global solution of CLL are due to the fact that at those time instances the associated cluster of objective
vehicle is modified, since vehicles do constantly enter or exit.
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Figure 25: Indicative statistical results in CARLA simulator

Furthermore, we provide in Figure 26 some indicative CARLA based results at time instances t = 9 and 18, utilizing
GLLME. In Figure 26-(a),(b), black vehicle corresponds to the true position, green one to the estimated by GLLME,
while red vehicle is the actual GPS position. As you may see in both cases, objective’s location accuracy is much higher
than GPS (1.74m vs 4.8m and 0.63m vs 5.92m, respectively). The effectiveness of accurately estimating neighbor’s
location is also apparent in Figure 26-(c). At time instant t = 9, objective vehicle and its two connected neighbors
constitute the associated cluster. Obviously, GLLME estimates not only ego’s (1.74m vs 4.8m) but also neighbor’s
location (2.33m vs 2.61m and 2.0m vs 6.07m) much more accurate than GPS. Consequently, all three proposed
vehicular diffusion schemes achieved greater performance than GPS and global centralized solution of CLL, even in
realistic urban traffic conditions generated by CARLA simulator.

/

Estimated position

GPS position GPS position

/
Estimated position

4

True, p‘osition True position

(a) Ego vehicle ,t =9 (b) Ego vehicle,t = 18

Objective Vehicle

Vehicle 1

Vehicle 2

(c) Ego and neighbors location estimation ,t = 9
Figure 26: CARLA visualization

As a final remark from the conducted experiments, we have to point out that GLCG exhibits serious limitations and
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drawbacks as a cooperative localization approach, both in the presence of sensing (e.g., range measurements
uncertainties) and communication-network failures, due to its highly vulnerability to noisy data. Hence, LMS based
solutions seem to have the potential for efficient localization. The GLLME achieved higher convergence speed and
accuracy, especially in the presence of a common network delay, while GLLMS exhibits low execution time and
robustness to increased range measurements noise. The tradeoff between the two LMS methods is explicitly related
to convergence and accuracy: an increased convergence speed of GLLME implies that a higher accuracy can be
achieved earlier. Although the execution time of GLLME is higher, it is related to the required number of iterations
K. Forinstance, if K in the learning curve of Figure 20-(c) is reduced almost by half, then GLLME converges (desired
localization accuracy is attained) during K iterations with total execution time almost ~ 100msec (from Table 2),
while GLLMS is far from the optimal solution.

4.6 Code repository

The code for the related algorithms is given in:

https://gitlab.com/isi_athena rc/cpsosaware/cooperative-localization-and-tracking/code/-
/blob/master/Diffusion.py

5 Graph Laplacian Cooperative Control for Platooning of CAVs3

Distributed model-predictive controllers (MPCs) provide a robust way to adjust the acceleration of each platoon
vehicle and avoid collisions. This is achieved by transforming the control problem into an iterative, finite-horizon
optimization with local constraints. However, the derivation of the global optimal solution is not straightforward. In
this Section, first, the consensus cost function is formulated, constrained by minimum distance requirements between
the vehicles. Then, the solution is derived via the alternating direction method of multipliers (ADMM), an iterative
and robust solver with minimal communication demands. A low-complexity solution is proposed by casting the
problem as stochastic control optimization. The developed techniques are evaluated via simulations, where the
trajectory of the leading vehicle is generated by CARLA open-source software for autonomous driving.

5.1 Controller Design for Cooperative Platooning

Cooperative control aims to design appropriate distributed algorithms such that the group of vehicles can reach
consensus on the shared information in the presence of limited and unreliable information exchange and dynamically
changing interaction topologies [32]. We use an information graph G = (V, E), to model the interaction topology
between the vehicles. The set IV denotes the nodes, i.e., the vehicles, and the set E € V X I/ the edges, which specifies
the information flow between neighboring vehicles. An edge (i, j) exists if the i-th vehicle has information exchange
with the j-th vehicle. The set of neighbors of the i-th vehicle is defined as V; £ {j € V: (i,j) € E}.

pK(t) p]“ ](t) pk(t) pk l(t) p[)(t)
Al
G - GGG - G
k+1 k k-1 leading
vehicle

Figure 27: lllustration of the 1D platooning with a leading and following vehicles.

Let us consider a network of vehicles moving in line, as shown in Figure 27. For ease of exposition, we only consider
one dimension (1D) of the translation motion. Note that, the following analysis is also applicable to two and three
dimensions, as long as the dynamics of the vehicle in each coordinate of the Euclidean space is decoupled. The
position of the k-th vehicle is denoted by py, its velocity by py, and its acceleration p (t). Double-integrator dynamic
model captures the dynamics of physical agents such as CAVs in a platooning system. The information states with
double-integrator dynamics for the k-th vehicle is given by:

3 E. Vlachos, and Aris S. Lalos, “ADMM-based Cooperative Control for Platooning of Connected and Autonomous Vehicles”, IEEE
International Conference on Communications (ICC) 2022, to appear.
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. Eq. 31
D = U + 1y,

where uy is the control input, ny is the external disturbance, and k = 1, ..., K. The control objective is to make the
CAVs maintain a rigid formation geometry by following a desired trajectory.

We consider the following distributed linear control law, where the control action u;, only depends on the relative
position and relative velocity information from its neighbors [32], i.e.,

we=— ) (e =y + 8 + Gk — b))
JENE
where Ap; ;. is the desired inter-vehicle gap between vehicles k and j, while ¢; and ¢, are positive constants.
For the network of CAVs, the control objective is to make the CAVs maintain a rigid formation geometry by following
a desired trajectory. The desired geometry of the formation is specified by the desired gap, as shown in Figure 27. For
each vehicle k, with k = 1,2, ..., K, we assume that the underlying physical modeling (plant) at each time instance t,
is described by the state and input/output equations, i.e.,

§e(t+1) = Apéi (D) + bruy (),

Yie(t) = Ex&i(t),
where &, (t) € R?*! is the state vector of the k-th vehicle, u, (t) € R is the control input, v, (t) € Ris the measured
output, and the system matrices/vectors are expressed as:

A = [chk 1_Cz,k]'i)k - [(1)]'ék - [(1)]

Eq. 32

Eq. 33

Eq. 34

For simplicity, we assume identical vehicles, thus ¢; ; = -, ¢ ¢ £ ¢1,and ¢, 1 = -+ = ¢ ¢ = C,. Moreover, we adopt
a common sub-index to denote the per-vehicle quantities, i.e.,
~ ~ 3 oA A Eq. 35
A, 2A, b, 2b,, ¢, 2¢,fork=1,.. K. 7
5.1.1 Unconstrained MPC

For the single-directional architecture of the platoon (Figure 27), the generalized Laplacian L € RX¥*X s a non-
symmetric matrix with the main diagonal and an upper diagonal, namely:

1 fori=j,i=1,..,K,
_)—-1/K forj=i+1, Eq. 36
[L];j =
0 elsewhere.

The Laplacian matrix is used to extend the plant model of Eq. 33-Eq. 34 for the entire fleet of vehicles, where the

network-wide plant is expressed as [32]:

§(t+ 1) = A&(t) + Bu(t), Eq. 37

y() = CT§(D),
where &(t) £ [ET(t)--&L(t)  ]T € R®(*1 s the state vector for all vehicles, u(t) = [u,(t) - ug(t) 1T €
RK*1 is the control input vector for the K vehicles, y(t) € RK*! is the measured output vector of all the K vehicles,

Eq. 38

while

A2L(t) QA € R¥*¥*2K B 2 L(t) @ b, € R¥K*K Eq. 39

and
C2L(t) el e REX2K

where L(t) is the Laplacian matrix for the t-th time instance. Following the standard MPC problem formulation [33],
we take the difference on both sides of Eq. 37, i.e.,
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E(t+1)— &) = A — £t — 1)) + B(u(t) — u(t — 1) 5040
or equivalently, the new state equation is expressed as:
AE(t + 1) = AAE(D) + BAu(o), Fq. 41
where Aé(t+1) 2 &(t+ 1) — &(t), and
Au(t) 2 u(t) —u(t—1).
Furthermore, the new input/output model is expressed as:
yt+1) =y®+CTEE+ 1D - §0) = y(©) + CTA{(t+ 1) bo 42

= y(t) + CTAAE(t) + CTBAu(t).

The next step is to define a new state variable vector which connects the state A&(t) with the output y(t). Thus,
putting together Eq. 41 and Eq. 42 leads to the following augmented state-space model:

AF(t+1 A o0 AE(t B Eq. 43
[ §+ 1)) _ [ATA "'K] [ §0] [IETA] Au(t) I
y(t+1) CTA Exx|ly(® ¢'B
x(t+1) T =a  x(®) 2B
Eq. 44
A&(t
y(t+1)=[0kx Egk] [ ¢ )
K 1y (o)
where Og x € {0}*K is a matrix filled with zeros, and Ex x € {1}**¥ is a matrix filled with ones.
The MPC for prediction horizon of N, and control horizon of N, is expressed compactly as:
z(t + 1) = Fx(t) + Gv(t), £q. 45
where
2(t+1) 2 [xT(t+1) - XT(t+N,)] € R2NpKXL,
v(t) = [Au(t) - Au’(t+ N, —1)]" € RNK*1,
F = [(CA)T (CAM»)T]T € RZNpKX2K Eq. 46
CB
G=|: € RZNpKXNK Eq. 47
CAM~1B ... CANc~1B
Let us define the centralized cost function
JW(®) =1 B(t) = Fx(t) — Gv() I% Fa- e
where
B(®) £ Ey @ [Api(D) ~ Apk(D]T € RMKX,
is the set-point information, defined as:
Eqg. 49

Api(t) = pr(t) = pi(t = 1),
and py (t) is the provided waypoint for the k-th vehicle at the t-th time instance, and ENp,l € {1}"*1. Note that, the

waypoints for the leading vehicle (e.g., k = 1) are provided externally. For k > 1, we use py (t) £ py_1(t — 1), which
expressed that the k-th vehicle has to follow the preceding vehicle k — 1 and its trajectory.
Then, the unconstrained optimization problem that provides the MPC solution is expressed as:

131(151(7 (v(t)), Eq. 50
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which has a closed-form solution given by solving of the following system of equations, Gv(t) = B(t) — Fx(¢t).
5.1.2 Constrained MPC
The unconstrained MPC design provides a simple solution to the problem, with minimal computational cost, that
exhibits desirable performance in the case where the leading vehicle moves with constant speed. In realistic scenarios,
where the speed of the leading vehicle is variable, it fails to guarantee a safe distance between the vehicles. To
overcome this problem, we formulate a constrained MPC problem, which ensures that the k — 1-th vehicle will be in
front of the k vehicle. Let the position of the leading vehicle is py on the x-axe, as shown in Figure 27, while for the K
following vehicles we assume that:

Po <Py < <Pik-1 <Pr < <Pk
Then, the constrained MPC problem formulation for all K vehicles is expressed as:

In(ltl)l Jv®) s.t.pe(®) = pr_1(t) fork =1, ..., K, Eq. 51
v

where, recall that, the vector v(t) € RN<K*1 s the control input of the MPC.
To solve Eq. 21, first we have to treat the inequality constraints. Thus, we introduce K auxiliary variables yy, with k =
1, ..., K, and the penalty function I(y,) which is defined as:
_ [0 ¥ <0 Eq. 52
I(yk)_{o ykZO.
Then, the problem Eq. 51 becomes [11], fork =1, ..., K:
) K Eq. 53
min JVO) + D 10)s P 1(6) = pe(6) = 71(0) = 0.
i, k=1
As it will be seen next, the problem (23) can be solved using the ADMM. To proceed, let us first express the constraints
with respect to the unknown variable v(t). Specifically, the estimated position of the k-th vehicle can be expressed
by using the state vector as py (t) = [§(t)]x, where [q]; denotes the k-th element of the vector q. Thus,
) Ol EOlea =
[A§(t — 1) + Bu(t — )], — [A&(t — 1) + Bu(t — D]i-1 Eq. 54

= ([Alx — [Ale-1)§(t — 1) + ([Blx — [Blx-1u(t — 1)

= ¥, (t) + [R]u(t), Eq. 55

where
Vie(®) 2 ([Aly — [Al-1)E(t — 1),

and [R], 2 [B], — [Bl-1.
Recall that, u(t) = u(t — 1) + Au(t), while Au(t) represents the first K entries of the vector v(t). In order express
Eq. 55 with respect to v(t), let us employ the following mathematical notation,

u(t) = diag(ex)v(®), £a-2e

where ey € {0,1}Nc*1 with [ex]; = 1fori =1,..,K and [ex]; = 0fori = K + 1,...,KN,. Then,
[k = [§©)]k-1 = ¥e(®) + [Rlxdiag(ex)v (D), e

Therefore, by dropping the time index for simplicity, the problem Eq. 53 becomes, fork =1, ..., K:
Eqg. 58

K
ming(v) + ) 10)s.tvi + [Rlgdiag(e)v =y = 0
' k=1

Let qi, for k = 1, ..., K, denote the K dual variables, then the augmented Lagrangian function is expressed as:

K
Cw, i (@) =W + ) 1)
k=1
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+2.( v + [Rlidiag(ex)v = yie + e I” +1 g 12). £q. 59

Next, we employ the ADMM steps to solve Eq. 59. These steps are executed for a number of iterations, i = 1, ..., Lqx-

The first step is to minimize C(v, {yx},{qx}) overv, e.g.,
v = grgmin || B — Fx — Gv |12
\'A

p . j j Eq. 60
+5 (Il yx + [R]cdiag(ex)v — v + qP 112). q
The minimization problem of Eq. 60 is equivalent to the solution of the following system of equations [34]
K
("G + pdiag(ex)” ) [RIFIR] diag(ey)) v+
k=1
Eq. 61

K
=G'B+p z Ve =i +a).
k=1

Note that, the quantities G, R, B are known to all vehicles and assumed static over the interval of interest. Hence, the
solution of Eq. 61 requires only the scalar quantities y, and u; from the other vehicles for consensus.
At the next step, we use the estimated value v+ and solve over v, fork =1,..,K [33]:

Y = max(0,y + [Blidiag(ex)v@*D +q(”) e
At the third step, we update the dual variable for k = 1, ..., K:
(i+1) Eq. 63

1 . . _

4y = 4 +vic + [Blediag(e vV — y,

The described iterative steps of the ADMM method that solve Eq. 63 are provided in Algorithm 8.
Algorithm 8: ADMM algorithm

Input: p, B(t), G, y(t)
Output: v(t)
Fori=1,..,1,,x do
Each vehicle solves its own version of Eq. 61 ;

y}gi+1) = max(0, yx + [B]rdiag(ex)v + q,((i)), forallk ;
Each vehicle broadcasts y,EHl);
4™ = 4 +yi + [Blediag(e)v —y Y, forall k

Each vehicle broadcasts q,((i“) ;

End

5.2 Efficient Implementation

The computational complexity of the Algorithm 8 depends on the parameters of the problem, such as the platoon
size, the prediction horizon of Ny, the control horizon of N, and the number of iterations, I .y, that are required for
the convergence of the ADMM algorithm. At each iteration i, the most costly step is at line 3, which requires the
solution of Eg. 61. Moreover, at each iteration i, the updated quantities have to broadcasted to the other vehicles,
increasing the communication load. Thus, to reduce the overall complexity of the Algorithm 8, either we have to
reduce the cost of step 3, or we have to minimize the number of iterations I,54. To reduce the cost of step 3, the
direct inversion method could be replaced with an iterative solver, e.g., in [35].

In this subsection, we focus on the case where the number of iterations is reduced to I,5x = 1. This will result into a
special case of the algorithm, listed in Algorithm 9. Indeed, its convergence is achieved over the time instances, thus,
the problem cost function J(v(t)) will be different at each time iteration. Given that the cost function is not varying
significantly at each time update, the cost function can be seen as stochastic, i.e., it also depends on a random
variation. In this case, it can be seen that the proposed algorithm converges to the minimum value of the constrained
stochastic optimization,
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K
min EFEO.O}+ ) 10®)
k=1

vt (i,

subject to py_1(t) — p(t) —yx(t) =0fork =1, ..., K, £q. 64

where £ is an unknown random variable with zero mean and variance 052, which depends on the variability of the cost
function. Next, due to high sampling frequency, we assume that o is negligible. Thus, to formulate a solution for Eq.
64, first we drop the iteration indexing (i) and replace with the time instances index, i.e., v@&*D(¢t) = v(t + 1), and
fork=1,..,K: q,(ciﬂ)(t) = q,(t + 1), and y,giﬂ) (t) = ¥ (t + 1). Then, the steps can be similarly obtained asin Eq.
60- Eq. 63, as shown in Algorithm 9.

Although Algorithm 9 reduces significantly the computational complexity, it may also introduce an error due to the
unknown random variable. However, ADMM is able to converge under relaxed conditions for the introduced error at

each step, while acommon measure to ensure the convergence, is to adopt a time-varying step-length p(t) [34], such
as:

pt) =ep(t—1),

where € € [0,1]. Then, it can be shown that: }.; p(t) < .
Algorithm 9: ADMM — L algorithm

Input: p, B(t), G, y(t), v(t), (¥, () }e=1, {wrc () }kos
Output: v(t + 1), {y(t + DYzq, {w(t + DY
Fori=1,..,1,,x do
Each vehicle solves its own version of
(GG + p(t)diag(ex)" Xi-1 [R]k[Rlxdiag(ex)) v(t +1)
=GB+ p(t) Xk=y (v — yi(@®) + 4, (D) ;
Yi(t +1) = max(0,yx + [B]rdiag(ex)v + qi (1), Vk ;
Each vehicle broadcasts y, (t + 1) ;
Each vehicle broadcasts q; (t + 1) ;
p(t) =ep(t—1);
End

Table 1: Order of computational and communication costs

MPC ADMM ADMM-L
Computation | O(NFN.K?) |naxO(NJN.K®] O(N;N.K?)
Communication O(N.K) ImaxO(N:K) O(N.K)

In Table 1, we compare the computational and communication cost for each of the considered techniques using Big-
O notation. The computation cost measures the number of multiplications between matrices. The communication
cost measures the quantity of scalars that have to be the broadcast of the Laplacian matrix and the N, X 1 state
vector of the K — 1 vehicles.

5.3 Results

In this section, we validate the introduced theoretical framework, by performing computer based simulations, using
the MATLAB ™ software and the Carla simulator for generating vehicle trajectories.

Initially, all the vehicles are stopped, placed with a A meters gap between them. We consider several variable speed
scenarios for the leading vehicle, generated using the Carla open-source simulator for autonomous driving [36]. In
both cases, the goal is to end up with a platoon formation where the cars follow the leading vehicle, avoiding any
collisions between them. To avoid collisions, the vehicles have to keep a safe distance, while the controller has to
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update its state at each T, second. More details about the parameters of the simulation results are shown in the Table
of Figure 28.

Setting Value
Number of
. 5
vehicles
Update time T, 1s
Inter-vehicle
Im
gap
Max. speed 10 m/s
Control horizon
5
N¢
Samples 10
number N,

Figure 28: Simulation Parameters and Road network instance, taken from Carla

We consider three open-loop controller designs:

* MPC: The conventional closed-form solution of the uncosntrained optimization problem of Eq. 50.

e ADMM: The proposed solution of the constrained optimization problem of Eq. 58 provided by Algorithm 8.

e ADMM-L: The proposed low-complexity solution of Eq. 58 provided by Algorithm 9.
Concerning the computation and communication overhead, it is important to note that, in our simulations, we have
also employed the standard interior-point method, using the CVX public library. However, in all cases, the output of
CVX was identical to the ADMM results, and for that reason are not displayed in the figures. As a figure of merit, the
proposed ADMM solution was 35x faster than the CVXinterior-point technique, while the proposed ADMM-L was 35x
faster than the ADMM. As for the communcation cost, the proposed ADMM requires only the transmission of scalar
guantities between the vehicles, for each iteration i in Algorithm 8, avoiding the transmission of whole matrices as
for the standard interior-point methods (e.g., Newton-based methods). Moreover, the ADMM-L futher reduces the
communication overhead, by minimizing the number of iterations I, x.
In Figure 29 we plot the vehicle trajectories on the x-axe for the considered controller techniques over time. The
leading vehicle is not moving till t = 45s, and then it starts to move over x-axe with relative constant speed. The MPC
technique results into trajectories that collide after t = 50s. The constrained MPC techniques, represented by the
ADMM and ADMM-L techniques, are able to prevent the collisions. The ADMM exhibits the best performance by
keeping the vehicles at the desired safe distance. The ADMM-L, which represents the low-complexity version of the
ADMM, avoids the collisions, however the desired distance is not always achieved.
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Figure 29: Vehicles trajectory on the x-axe over time for the case where the leading vehicle follows the trajectory of ID 86 for the Carla
generated scenario.

Let us evaluate the Distance Error for each platoon vehicle k over time in seconds (s). This is defined as, the difference
between the estimated position py (t) and the desired position py (t) = po(t) — kA k-1, and itis measured in meters
(m), i.e.,

DistanceError £ |py (t) — (po(t) — kDgk-1)| (M), Eq. 65

where the technique with the smaller distance error for each vehicle indicates that the platoon follows the desired
waypoints more accurately. We have considered the trajectory case for the leading vehicle with identity (ID) 86, from
the Carla generated scenario of Figure 28.

In Figure 30 we present the results for the distance error and the vehicles speed. The error of the unconstrained MPC
can be as large as 4.2 (m), while the error is much smaller for the constrained MPC cases. The low-complexity
implementation, ADMM-L, reduces the error of the MPC to 2.1 (m), while the ADMM to 0.85 (m). In Figure 31, we
plot the CDF of the distance between two successive vehicles, when it is computed over the observed time frame. So
for the ADMM case, the distance between all successive vehicles is over 1(m) with probability 1. For the unconstrained
MPC and the low-complexity implementation ADMM-L, the probability for the distance between the successive
vehicles to be smaller than 1 (m) is not zero. Specifically, it is 50% probable to have distance around 0.4 (m).
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Figure 30: Controllers’ performance evaluation for vehicle with ID 86.

1st-2nd 2nd-3rd
1 1
08 08
Z08 Z08
=] sl
g A £ T
O 0.4 = O 04
o o
02 0z
o L% 0 ==
0 05 1 15 0 02 04 0B 08 1 12
Distance between cars Distance between cars
3rd-4th 4th-5th
1 1
08 0e
206 J 208 J
5 =
E —— = -
O 04 == © 04 s
o o
02 0z
o b=t o b=
0 02 04 06 0B 1 12 0 02 04 OB OB 1 12
Distance between cars Distance between cars
[—MPC ——ADMM ADMM-L

Figure 31: CDF for the distance between successive vehicles

So far, we have considered that the controller update time is T, = 1s. However, the update interval has significant
impact on the performance of the controller. In particular, by decreasing the update interval, the unconstrained MPC
can perform similarly to ADMM, while the performance of the ADMM-L also improves. However, this performance
improvement is not always possible, due to the network latency and computational complexity issues.

Page 52 of 55



D3.3 Distributed SPL Algorithms for node ranking and topology inference-selection

5.4 Code repository
The code for the related cooperative platooning algorithms is given in:
https://gitlab.com/isi athena rc/cpsosaware/cooperative path planning/cooperative-path-planning

6 Conclusion

To summarize, in this deliverable novel distributed localization algorithms have been derived and formulated, based
on different estimation approaches, i.e., tracking, least-squares, information diffusion, etc. The indicative results in
Sections 3 and 4 have proven the feasibility of the proposed schemes in terms of location accuracy, and thus
effectively realizing the vision of global and local cooperative awareness of vehicles. Proposed ADMM based
cooperative control platooning scheme of CAVs has also shown very promising results in Section 2. Finally, the
simulation framework of Section 6 will serve as the baseline in order to evaluate the proposed methos with realistic
V2V conditions in the testing setups of the project.
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