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Thesis introduction




AD & ADAS Fiesese @ 2 = Utc RIG

120 ) )

100 140

2% 3
160 ' e My Sense
180

30 -

4
Confidential C



AD & ADAS M)&@S -’;’Utc RG
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e @ 5. = Uutc RG

AD & ADAS
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e @ 3. = UtcRIG

AD & ADAS
Informative ADAS Actuating ADAS Automated driving
* Lane Departure Warning » Adaptive Cruise * LevelO0 - No Automation
(LDW) Control (ACC) « Level1 - Driver Assistance
» Blind Spot Warning (BSW) * Lane Keeping * Level 2 - Partially
» Parking Sensor Assistance (LKA) Automated Driving
* Driver Monitoring System « Lane Centering * Level 3 — Conditionally
(DMS) Assistance (LCA) Automated Driving
* Automatic Emergency * Level4 - Highly Automated
Braking (AEB) Driving
« Traffic Jam Pilot (TJP) * Level 5 - Fully Automated
* Automatic Parking Driving
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e @ 3. = UtcRIG

INTELLIGENT VEHICLES TECHNOLOGY

Sensing — On board sensors
Computing - Embedded computing
Actuating — Electronic control systems

Sensing Computing Actuating
| observations N  instructions
Onboard sensors ! Embedded computing Electronic control sys.
- .
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THESIS SCOPE : MULTI-SENSOR FUSION

Perception diversity compensates sensor weaknesses

SENSOR TECHNOLOGIES : PROS & CONS

—

‘ﬁi‘ h;L;diaSVE % S -’;’ UtC RG

* - = .
Dazzling light Harsh weather Guardrails Lines Black objects| Low contrast Occlusion

RADAR SNgiio — B |
LIDAR g E P— = == (R— - - (I
CAMERA . [— [— C O = 0 E = (W— [F—
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OT1INTRODUCTION

THESIS SCOPE : INDUSTRIAL CONTEXT (1)

Car manufacturers integrate sensing solutions from Tier-1

ARTERISIE

arm
SYNOPSYS'

Semiconductor IP
Suppliers

now part of Intel

-

“Dream CHip

(nfineon
(intel)

<77

Momie & vea

LN nextchip

<ZINVIDIA.

N

RENESAS

P sug

Lys

Sugreried

] - —

TOSHIBA

£ XILINX

SoC and
Hardware

Suppliers

Autoliv

Amacna

HYUNDAI
MOBIS
(Ontinental %

DENSO

DEeELPHI

) BOSCH

i‘ h;l;diasyg @ % ;"JI’ UtC RG

suppliers : Smart sensors

Tier-1 Suppliers

Mercedes Benz l“n

§

HYUNDAI UBER

Vehicle
Manufacturers
(OEM)
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THESIS SCOPE : INDUSTRIAL CONTEXT (2) T @2 FUCRG

This work is developed within:

= Sivalab (Hediasyc X Renault joint laboratory)
= Renault’s Fusion Team (DEA-LEA1: Algorithmes Fusion et Véhicule Autonome)

ADAS software development platform available
Ad-hoc equipped Renault Espace for Conditionally Automated Driving L3 (Level 3)

Reliable representation of
the environment
/ Y

n
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5% . S [ &=
THESIS SCOPE : REPRESENTATION OF ROAD ENVIRONMENT @2 T UCRG

Oriented lane corridors enable safe and predictable navigation for road users

Arc

RN IV SRSRRRN (Y ARINERSN \WINESY

CHU U T O R O s TR L]ne

Clothoid

Because of geographical constraints, roads are designed connecting straight and circular
segments with clothoid segments

12
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THESIS SCOPE : CLOTHOIDS T @2 ZUCRG

A Clothoid is a curve whose curvature changes linearly with its curve length
Its Cartesian coordinates are given by the Fresnel integrals :

§ 1
x(s) = xg —l—/ cos (514,172 + KoT + wo) dr, s € [0,]
0

y(s) =0+ |

$ 1
sin (5&172 + Ko7 + @bo) dr, s € |0,]
0

Application of clothoids to road designed allow comfortable transitions road segments:

Point 3
Point 2

Clothoid 2 ‘

‘ f.-_-_'___-
I S |
“'1 Clothoid 1 : || II ]
‘ ——
Point 1

13
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THESIS SCOPE : CLOTHOIDS e @ 5. = Uutc RG

s 1
x(s) = xg —|—/ cos (§m172 + KoT + wo) dr, s € [0,]
0

s 1
y(s) = yo + [ SiM (ifilTQ + KoT + ¢0> dr, s € [0,!]
0

ro starting point abscissa

o

Yo starting point ordinate
Yo starting orientation angle

ko starting curvature

-1 : : K1 curvature rate

14
Confidential C



o S | &=
THESIS SCOPE : CLOTHOIDS T @2 ZUCRG

c.0

Bartholdi, Laurent & Henriques, André. (2012). Orange Peels and Fresnel Integrals. The Mathematical Intelligencer. 34. 10.71007/s00283-012-9304-1.

15
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Problem formulation




‘“‘;i‘ "h;L;diaSyg % S | UtC RG

®» —

Detect Understand Decide = Path Planner Path Follower Control
‘ Critical ﬁ@ @ $
Smart Objects Objects . Mission Path Command
: - Target ~Action Control | | Control
sensors | Fusion 1 selection > decision — ADAS —p CHASSIS — Actuators/Sensors

ADAS & AD ADAS & AD CHASSIS

Algo Fusion Control laws Control laws

17
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SMART SENSORS : STATE OF THE ART o @ 2 T UtcRG

Smart Sensor #1

Smart Sensor #2

18
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SMART SENSORS : STATE OF THE ART T @ 2 T UtcRG

Sensors Lane Lane
_ priors model

1
Feature Fo---mmmmmmmmmmmmes |
Sensor detector L ! Initial lane L ! Lane >
data ) ane estimates . 2= estimates
detector - tracker >
Y A A
Feature
detector Lane features

[1]A.S. Huang and S. Teller, “Probabilistic lane est. for autonomous driving using basis curves,” Autonomous Robots, vol. 31, no. 2-3, Oct. 2011,

\ 4

Smart Sensor #2

19
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SMART SENSORS : STATE OF THE ART

Sensors

__Lge_ - Lane
priors model

?'Myg @ S ] Utc RG

Feature Fo---mmmmmmmmmmmmes |
¥ \
detector Initial lane Lane
Sensor
data ) Lane estimates Lane estimates
detector - tracker >
Y A A
Feature
detector Lane features

[1]A.S. Huang and S. Teller, “Probabilistic lane est. for autonomous driving using basis curves,” Autonomous Robots, vol. 31, no. 2-3, Oct. 2011,

Feature extraction
Detection and tracking
Lane (boundary) model

A 4

20
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SMART SENSORS : STATE OF THE ART s @ 2 T UICRIG

Sensors e Lane
_ priors model
—
1
Feature Fo---mmmmmmmmmmmmes |
¥ \
detector Initial lane Lane
Sensor
data ) Lane estimates Lane estimates
detector - tracker >
Y A A
Feature
detector Lane features

[1]A.S. Huang and S. Teller, “Probabilistic lane est. for autonomous driving using basis curves,” Autonomous Robots, vol. 31, no. 2-3, Oct. 2011.

Feature extraction

Detection and tracking
Lane (boundary) model :

[3] B. He, R. Ai, Y. Yan, and X. Lang, “Lane marking detection based on Convolution Neural Network from point clouds,”in 2016 IEEE 19th
International Conference on Intelligent Transportation Systems (ITSC), 2016, pp. 2475-2480

[2] X. Pan, J. Shi, P. Luo, X. Wang, and X. Tang, “Spatial as Deep: Spatial CNN for Traffic Scene Understanding”

21
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SMART SENSORS : STATE OF THE ART s @ 2 UtcRG

| = =

: Lane Lane

: _ priors | model

: o

. Feature Fo---mmmmmmmmmmmmes |

:Sensc:-r detector L ! Initial lane Lan'e Lane

: data A ane estimates _ estimates
; detector > tracker =
1 L 1 T

: Feature

: detector Lane features

1

[1]A.S. Huang and S. Teller, “Probabilistic lane est. for autonomous driving using basis curves,” Autonomous Robots, vol. 31, no. 2-3, Oct. 2011.

Feature extraction

Detection and tracking B i
Lane (boundary) model

[5] C. Hasberg and S. Hensel, “Online-Estimation of Road Map Elements using Spline Curves,”

a precise clothoid road model and observations of moving vehicles,” 2014, pp. 238-24
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SMART SENSORS : STATE OF THE ART

Sensors

e @ 3. = UtcRIG

_ Lane Lane
priors model

|
1
Feature Fo---mmmmmmmmmmmmes |
¥ \
detector Initial lane Lane
Sensor
data ) Lane estimates Lane estimates
detector - tracker >
Y A A
Feature
detector Lane features

[1]A.S. Huang and S. Teller, “Probabilistic lane est. for autonomous driving using basis curves,” Autonomous Robots, vol. 31, no. 2-3, Oct. 2011.

Feature extraction
Detection and tracking
Lane (boundary) model

Parametric: straight line, polynomials
Non-parametric: pixels

Semi-parametric: spline

23
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THESIS USE CASE P @ 3. = Utc RG

Sensors e Lane
_ priors model
i
1
Feature Fo---mmmmmmmmmmmmes |
¥ \
detector Initial lane Lane
Sensor
data ) Lane estimates Lane estimates
detector - tracker >
Y A A
Feature
detector Lane features

[1]A.S. Huang and S. Teller, “Probabilistic lane est. for autonomous driving using basis curves,” Autonomous Robots, vol. 31, no. 2-3, Oct. 2011,

-t b}
Y Smart f Lane | Lane
PR e, 5 | E .
L, FrontCam ' model | priors
ol N, _ v
== | s -
==
= S W
::::“::":::I';.: — —-—-—-"'.' — —— ol L I l L I l
L a7 ane bound. ane bound.
" " .'I Te, .- _.' ¢ _" € _.-
....... e detection tracking

T

Two smart sensors: Smart FrontCam and Smart AVM
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SMART SENSOR MODEL Fhossene @ 2 T UtcRIG

Smart sensor delivery contains lane boundaries detection
Single measurements describe the form of the lane boundary
In the L3 sensor set, both Smart Camera and Smart AVM deliver:

S
M; = [COa C1, C2, C3, Tmin, Tmazs 2P Mtype] S =
Where P(x) polynomial describes the curve:
_ 2 3
P(x) = co + c1x + cox” + 327, € [Tmin, Tmaz]

And Xp is the measurement error:

02, 0 0 |
agoco 0
2p= Oy
0 Ores
L 0 0 Ocses
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ROAD MODEL : PRO & CONS

Computation

Tracking evolution
Descriptiveness

Curvature-based
navigation support

Uncertainty
representation

Polynomial

Immediate
(everywhere) v

Hard X
Limited X
No X

Coefficients X

VS

e @ 3 = Utc RG

Clothoid-spline

Open integrals X
(eff. approx. method exist «)

Hard X
Complete (for road) v/
Yes ¢/

Clothoid params X
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ROAD MODEL : PRO & CONS

Computation

Tracking evolution
Descriptiveness

Curvature-based
navigation support

Uncertainty
representation

Polynomial

Immediate
(everywhere) v

Hard X
Limited X
No X

Coefficients X

Road features
Immediate (punctually) v —

Easy v
Complete (for any curve)

Discrete representation —
(can turninto any curve ¥/)

Spatial ¥

?'Myg % S -l Utc RG

Clothoid-spline

Open integrals X
(eff. approx. method exist «)

Hard X
Complete (for road) v/
Yes ¢/

Clothoid params X
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ROAD MODEL : PRO & CONS

Computation

Tracking evolution
Descriptiveness

Curvature-based
navigation support

Uncertainty
representation

Polynomial

Immediate
(everywhere) v

Hard X
Limited X
No X

Coefficients X

IN

Road features
Immediate (puncutally) v —

Easy v
Complete (for any curve)

Discrete representation —
(can turninto any curve ¥/)

Spatial ¥

DURING estimation

?'%uiasyg % S -l Utc RG

Clothoid-spline

Open integrals X
(eff. approx. method exist «)

Hard X
Complete (for road) v/
Yes ¢/

Clothoid params X

ouTt
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Summary s @ 2 = Ut RG

Thesis introduction

Problem formulation

Multi-sensor fusion for lane boundaries estimation

Map-aided multi-sensor fusion for lane boundaries estimation

Conclusions
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Multi-sensor fusion for
lane boundaries estimation




PROPOSED SOLUTION : FEATURE-TRACKING

SN R

Initialization
Prediction
Association
Update
Output

?'Myg @ S ] Utc RG
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PROPOSED SOLUTION : FEATURE-TRACKING

opwN S

Initialization
Prediction
Association
Update
Output

First or non-associated measurements initialize distinct tracks for lane boundaries.
Each measurement is delivered from the smart sensor in the form:

Sens
M; = [CO; C1,C2, C3, Tmin, Tmazs 24P Mtype] € Zy

P(ZC) = Cp + C1T + 62582 + CSxSa S [mmina xmax]

$1.. @5 = utcRG
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PROPOSED SOLUTION : FEATURE-TRACKING Tioaee @2 FutcRG

Initialization
Prediction
Association
Update
Output

SN NN NI

. Lane boundary tracks are collections of road features
. At constant interdistance, new features are sampled (according to the sensor model) as:
-xj- i Lj - - X j -
Fi=ly;| = P(z;) = | co+cx;+ CijQ + 03xj3
05 arctan(P'(z;)) | larctan(ci + 2cox; + 3c;:,xj2)_
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PROPOSED SOLUTION : FEATURE-TRACKING

NN N

Initialization
Prediction
Association
Update
Output

Ego-vehicle motion is estimated and delivered as :
AEgOt — [dﬂf, dya d@, EE]

After transformation into current reference frame, Kalman prediction step follows
according to the trivial evolution model:

Xt = Xg—1 T Wt

Wt NN(O, EE)

$1.. @5 = utcRG
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PROPOSED SOLUTION : FEATURE-TRACKING

ona®N

Initialization
Prediction
Association
Update
Output

?'Myg @ S ] Utc RG

Existing features are projected onto measurements identifying Feature-to-Feature
Mahalanobis distance:

d(pL(Fy). Fy) = \/(pL(F) — F)T (Sn(wL.ys) + Sp) " (pL(F) — F)

Measure-to-track metric for GNN association: d(M, C;) = max d(py (F;), Fy)
i€

35
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PROPOSED SOLUTION : FEATURE-TRACKING

o pwN

Initialization
Prediction
Association
Update
Output

10 @5 = UtcRG

Three cases present depending on observability of road features :

are updated following Kalman update step
can be suppressed if distant or obsolete
Newly discovered features (sampled at constant interdistance) extend existing tracks

36
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PROPOSED SOLUTION : FEATURE-TRACKING Tioaee @2 FutcRG

1. Initialization

2. Prediction

3. Association

4. Update

5. Output u

=Y

Sj - [3:01 Yo, d)(Ja Ko, K1, la ES]

= A road feature collection can be turned into clothoid-spline via interpolation

= Using the efficient interpolation method proposed in [6] between successive road features,
the resulting clothoid-spline attains G1-continuity (heading angle of the curve is continuous
all along its length) which makes it ideal for vehicle control

[6] E. Bertolazzi and M. Frego, “G1 fitting with clothoids,” Mathematical Methods in the Applied Sciences, vol. 38, no. 5, pp. 881-897, Mar. 2015 37
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EXPERIMENTAL RESULTS P @ 2 T UtcRG

Development setup
Evaluation setup
On-board setup

38
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EXPERIMENTAL RESULTS (1)

Development setup

Fusion results and context camera

|| 0000646724

20/12/19

Fusionrunner environment

Lane boundary tracking

‘ji‘ fh;L;diaSyﬁ @ S | UtC RG

= Proprioceptives
= Smart FrontCam
30Hz, FoV:53°x120 m
= Smart AVM (4 cameras)
20Hz, FoV:360°x 20 m

Sensors

\

, Recording data

Re-playing data

-
-
-’
-
L
~.,
s
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Frowane @ 2 = UtcRG

EXPERIMENTAL RESULTS (1)

Execution in Fusionrunner environment

‘Srsiléarslggérgglmset/ef;avznﬁadég/d&vl ((’partogeﬁt1 1f;1::;n/:#gs:::?y;tea/alackswan/Delwenes/ZOI91203/0ut 15_08_51 7”078 -51 )
) QO Ego-vehicle
O Smart FrontCam measurements
O Smart AVM measurements
O Fusion result (road features)
U Road features uncertainty
mess==_ ] Fusion result (clothoid-spine)
022.40
xSO

TSAD
AD2
DEMO

parsing ey
us'

<o
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EXPERIMENTAL RESULTS (2)

Evaluation setup

= Performanceindicators

Mean error at a given range, variance

......

Lane-level ground truth
RTK localization + HD Map

A

- Sensors

10 @5 = UtcRG

= Proprioceptives
= SmartFrontCam
30Hz, FoV:53°x120 m
= Smart AVM (4 cameras)
20Hz, FoV:360°x20m

, Recording data

Fusionrunner environment

Lane boundary tracking

Re-playing data

A

-
-
-’
-
L
».
s
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EXPERIMENTAL RESULTS (2)

FrontCam only vs FrontCam+AVM Fusion
= Lateralerroratgivenrangeiscomputed w.r.t.lane-level GT
» Fusionsmoothing effectreflectsinlateral error at Om distribution

Normalized occurences

40 40
—20 b —20
FrontCam Fusio

'mmm FrontCam |
s Fusion

-0.15

Lateral error (m)

FrontCam only

FrontCam + AVM fusion

p]

LT

-0.0638

o2 [m? RMSE [m

0.0020

L g2 RMSE
-0.0620  0.0019 0.0755'

v

4]

-0.0875
-0.1277
-0.1393

0.0027
0.0039
0.0044

-0.0773  0.0022  0.0906
-0.1018  0.0024  0.1131
-0.1254  0.0037  0.1394

TABLE I: Lateral error benchmark
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EXPERIMENTAL RESULTS (3)

On-board setup

User via HMI

Actuators

On-board PC/Control ECU

ACC, Speedregulation
Keep/Change Lane
AEB

On-board PC/Fusion ECU

Lane boundary tracking

- Sensors ——

$1.. @5 = utcRG

= Proprioceptives
= SmartFrontCam
30Hz, FoV:53°x120 m
= Smart AVM (4 cameras)
20Hz, FoV:360°x20m

A
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EXPERIMENTAL RESULTS (3) Fhoseee @2 = UtcRIG

1. ACCis activated, Keep
lane

2. Lane boundaries are
detected by FrontCam +
AVM and fused

3. Leftturnsignalis
activated, Change lane
(to left)

4. Backto Keep lane

5. Right turn signalis
activated, Change lane
(to right)

Change Lane based FrontCam + AVM : successful on-board execution v
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SECTION CONCLUSIONS

Multi-sensor architecture for tracking of lane boundaries
has been introduced and validated

Can support potentially any multi-modal smart sensor
set, providing redundancy and perception diversity

Real-time implementation and on-board experiments
confirm exploitability in quasi-industrial use cases

Fisase @ 3. =7 UtcRG

Work accepted as
contributed paper at:
2020 IEEE Intelligent
Vehicles Symposium
(1V 2020)
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Summary s @ 2 = Ut RG

Thesis introduction

Problem formulation

Multi-sensor fusion for lane boundaries estimation

Map-aided multi-sensor fusion for lane boundaries estimation

Conclusions
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Map-aided multi-sensor fusion for
lane boundaries estimation




MAP-PROVIDERS : STATE OF THE ART

Mapping and Localization

Layer

N
Longitude

‘fi‘ h;L;diaSyg @ S -’;’ UtC RG

HD Localization
Model

HD Lane Model

Road Model
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MAP-PROVIDERS : STATE OF THE ART T @2 FutcRG

Mapping and Localization

%))

R
. D,
&
2
. ﬁ.w
o_’;-‘.
R
©

WHAT ROAD ? WHICH LANE ? WHERE INLANE? |
TotalError | Map error | Localization Total Error | Map error | Localization
5-10 M GNSS systems zagrl | Tdgm | zdgma gral | zigmal | zvgml
1.5 0.5 1 0.5 0.2 0.3
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MAP-PROVIDER MODEL : GLOBAL AND LOCAL FRAME

Global|space:

AY

EntityA

4

Enti?B

EntityA's
/\Y

EntityA

local

R ”h;L;diasyg % S | UtC RG

space

Entj

EntityA is ego-vehicle — EntityB is a map-node

50
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MAP-PROVIDER MODEL : UNCERTAINTY REPRESENTATION @ T UlCRG

(EITSbglepace: EntityA'sMspace
Map-node in the global frame o |
7
Ox. _ OQZ’@ EM
2’ “y; L @
Map-node in the local frame
M O O
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MAP-PROVIDER MODEL : UNCERTAINTY REPRESENTATION @ T UlCRG

(il\\sbgljspace: EntityA'sMspace
Uncertainty of map-node in the global frame . 0
7
1 S
Var(@(?;) = Var(®°Xep)Vi = 1..N; >
"\_>x @

Uncertainty of map-node in the local frame

O T
VCLT(MX?;) — of XM OO f Takes into account both mapping
O OX5 0 an( Xz) O OX5 and localization error | «/

where:

of | _ [— cos(9) —sin(§) Ly, cos() sin(@)]
50X sin() —cos(#) —Mzx; —sin(d) cos(d)

Do not depend on global coordinates ! Can be computed after map-provider delivered +/
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MAP-PROVIDERS : UNCERTAINTY REPRESENTATION Thnze: @2 HUtcRG

Definitions:

X, = lgﬂ Var(°X;) = Var(®Xpzap)Vi = 1..N;

co sin Orn
"Ro =“Ru’ = [ sfrgﬁg) cos((g))] %y = Var( O%M )
M,.. 0,,.. o
My, — [M‘;z] =R, (lozz] — [O;ﬂj]) = f(9Xur, 0,9X;) X5 = (9Xur, 0,9X;)
Then:
| Oz =) cos(0) + (Pyi — Pyar) sin(6)
FOX,0,9%i) = l(oxi - O:in) sin(0) + (Py; — Oy]\fw) cos(é))]
af | = cos() —sin(f) —(Px; —Pxpr)sin(@) + (Pys — Cyar) cos(d)  cos(f)  sin(h)

09X:| _ sin(0) —cos(0) —(Px; —Pxar)cos() — (Py; — Pyar)sin(d) —sin(d) cos(d)

B (—cos(0) —sin(0) My;  cos(h) sin(@)]
| sin(0)  —cos(6) — Mg, —sin(f) cos(f)

of 1[0 0 or |
Var(MX;) = [(‘?OXJ [ ()M VCL’I“(OXi)] [30)(5]
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$1.. @5 = utcRG

-1

PROPOSED SOLUTION : LANE BOUNDARIES ASSOCIATION

Initialization
Prediction
Association
Label

Nwp
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PROPOSED SOLUTION : LANE BOUNDARIES ASSOCIATION

NN

Initialization
Prediction
Association
Label

?'Myg % S -l Utc RG

Road feature are initialized from map-provider delivery and according to mapping and

localization error model:

Fj = [z5,y5,0;,2r]  Zp =Var(MX;)
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PROPOSED SOLUTION : LANE BOUNDARIES ASSOCIATION

W N =

Initialization
Prediction
Association
Label

Predict the status of the (map-provided) road features according to ego-movement
estimation:
AEgoy = [dx,dy,df, Xg]
Wi ~ N(Ov EE)

Up to the latest smart sensor delivery measure date

e @ 3 = Utc RG
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PROPOSED SOLUTION : LANE BOUNDARIES ASSOCIATION

NEENE

Initialization
Prediction
Association
Label

$1.. @5 = utcRG

Map-nodes (as road features) are projected onto measurements identifying Feature-to-

Feature Mahalanobis distance:

d*(pL(F}), Fj) = (pL(Fj) — F))' (M Zp + Var(MXy)) " HpL(Fj) — F)

M to L distance metric for GNN association: d(M,L) = Fg% d(pJ_(Fj),
J

F.

J

)
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PROPOSED SOLUTION : LANE BOUNDARIES ASSOCIATION

AN

Initialization
Prediction
Association
Label

5120 |

023.66

The HD-map is supposed to be complete of all detectable lane boundaries
Then Non-Associated smart sensor measurements are labeled as False Positives

‘ji‘ ”h;L;diaSyg % S | UtC RG
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EXPERIMENTAL RESULTS P @ 2 T UtcRG

Development setup
Application for false positives detection
Scoring for multiple hypotheses of ego-vehicle localization
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EXPERIMENTAL RESULTS

Development setup

Fusion results and context camera

5720 | |

Fusionrunner environment

Lane boundary tracking

- Sensors

Proprioceptives‘“mg % S = utc RG

eHorizon

1Hz, FoV:360°x 200 m
Smart FrontCam

30Hz, FoV:53°x120 m
Smart AVM (4 cameras)

20Hz, FoV:360°x20m

v Recording data

A
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EXPERIMENTAL RESULTS T @2 T UCRG

Execution in Fusionrunner environment : qualitative evaluation

Scenario: /home/fcamarda/dev/tmp_FusionData/Out_10_19_14

TYPE_SP9351 - step: 0/7500 - caﬁdate: 3205160 - engine type: CLASSIC

IS:NSDRWA:lmlsmlmmmmlmm I O Ego-vehicle
. I O Other vehicles
) === (] Map lane b. (road markings)
) O Maplane b. (barriers)
O Map lane b. associated to Smart
w FrontCam measurements
- O Map lane b. associated to Smart
2 AVM measurements
» U Road features uncertainty
- === ] Non-associated Smart Sensor

measurements

DLINE: width: 0,14
40 30 20 10 0 -10 R} -30 -40 -50
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EXPERIMENTAL RESULTS : METHOD VALIDATION T @2 T UtcRG

Execution in Fusionrunner environment : simulated localization fault generation

In absence of better R R e R R e R R e
ground truth, two | ‘ |
alterations of the recorded | | 1]
data are generated: |
= (Correct (authentic) i | m
= Altered1 (shifted 1 lane i | Nl
left) il : | - '
= Altered2 (shifted 2 lanes f | |
left) ) B
Context camera can | I |
confirm which alteration is 1 1
correct WE iy N AR
Altered? Altered 1
) i
shift 2 lanes left shift 1 lane left
Correct
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EXPERIMENTAL RESULTS : METHOD VALIDATION e 4

Execution in Fusionrunner environment : three variations of same data record

2/fcamarda/dev/tmp_FusionData/Out_10_19_14 Scenario: /home/fcamarda/dev/tmp_FusionData/Out_10_19_14 Scenario: /home/fcamarda/dev/tmp_FusionData/Out_10_19_14
itep: 85/7500 - calldate: 3208560 - engine type: CLASSIC TYPE_SP9351 - step: 112/7500 - calldate: 3209640 - engine type: CLASSIC TYPE_SP9351 - step: 87/7500 - calldate: 3208640 - engine type: CLASSIC

/AT42 | SFC207 | SFCXXX | XAT268 | XAT103 SENSOR WA: | XAT42 | SFC207 | SFCXXX | XAT268 | XAT103 | SENSOR WA: | XAT42 | SFC207 | SFCXXX | XAT268 | XAT103

|

100 ! | 100

| | 80 | | » 80 |
I ‘ !

60 | \

40 40
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EXPERIMENTAL RESULT : METHOD VALIDATION

wd ",

| _AlteredZ"

HFP=2 |

HTP =2

Precision=0,5

Altered1 Correct

HFP=1| | #FP=0
HTP =3 HTP =4

Precision=0,75 Precision =1

$1.. @5 = utcRG

Enumerating FP and TP within a sliding
window of 5 seconds, the Precision
indicator is defined:

TP

Precision(t — 5,t) = TP+ D
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EXPERIMENTAL RESULT : METHOD VALIDATION

Altered? Alteredl Correct
]#szz\ ’#FP:1‘ ]#FP:O\
HTP =2 HTP = 3 HTP =4
Precision=0,5 Precision=0,75 Precision =1

e @ 3 = Utc RG

Enumerating FP and TP within a sliding
window of 5 seconds, the Precision
indicator is defined:

TP

Precision(t — 5,t) = TP+ D

Question : can the the Precision indicator
discriminate faulty localization of ego-vehicle?

Localization Method detects o
in HD-map is more FPs from PIrEpOEEs Essnd atian
incorrect SENSOrS method is validated v
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EXPERIMENTAL RESULTS P @2 =7 utcRIG

Smart FtCam: Precision over time

1.0 1

The proposed method can
successfully detect altered
localization

» |finformation in sensor
ol o delivery is enough
(FrontCam > AVM)

e
]

Precision
=
(=1

e
ES

0.0 -

3200000 3250000 3300000 3350000 3400000
time [ms]

Smart AVM: Precision over time

Y v/’ hd V This detection is confirmed
using Smart FrontCam and

indicator Precision(0,end):

1.0 1

e
oo

Precision
=
(=1

e
ES

—r— Smart FrontCam | Smart AVM
e Correct 89.43% 99.07%
oo Altered] 57.31% 98.31%

time [ms] Alt@?“edQ 7900% 98-60%

0.2

= (Correct = Altered] = Altered?2
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SECTION CONCLUSIONS

Lane boundaries probabilistic association method has
been introduced and implemented

Detection of false positives measurements from smart
sensors validated the proposed method

Application of the method for scoring multiple hypothesis of
ego-vehicle localization reveals Smart FrontCam can
better detect a localization fault rather than Smart AVM

Fisase @ 3. =7 UtcRG

Work resulted in
pending application
for
Renault/UTC/CNRS
patent
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THESIS CONTRIBUTIONS T @2 ZUCRG

Feature-tracking, method for multi-sensor fusion of lane boundaries issued of smart sensors
&= Deployed on-vehicle in Renault L3 experimentations
Quantitative evaluation w.r.t. HD-map of lane boundaries tracking methods in terms of lateral RMSE
Resulted in a publication at international conference 1V2020
Lane boundaries probabilistic association method enabling measure-to-track pairing in our tracking proposals
= Resulted in application for Renault/CNRS patent

Map-tracking, method for multi-sensor fusion of lane boundaries issued of smart sensors and map-providers
(not presented)

Usage of Precision metric enabling false-positives detection and multi-hypotheses localization scoring

References :

F. Camarda, F. Davoine, V. Cherfaoui, B. Durand. Multisensor Tracking of Lane Boundaries based on Smart Sensor
Fusion. |IEEE Intelligent Vehicles Symposium (IV 2020), Oct 2020, Las Vegas, United States.

F. Camarda, B. Durand, F. Davoine, V. Cherfaoui. Procédé de détection d’une limite d’une voie de circulation.

Renault/UTC/CNRS patent. Applied for French patenting at Institut National de la Propriété Industrielle (INPI)
under the identifier n°2110938, Oct 2021.
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RESEARCH PERSPECTIVES Fhoseee @2 = UtcRIG

Integrate other vehicles trails in data fusion Release “unvarying HD-map"” assumption
= Range extension = Lane boundaries can evolve!
N I |
B ¥ I
50 I l
]

Versailles, April 2020
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