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The importance of fransport

- Safety WHO global status report on road safety (2018):
« 1.35 million deaths
» 20-50 million injured
« 8th leading cause of death, the first among
children and young adults 5-29

Spain DGT 2019:
« 1755 deaths
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Motivation
The importance of transport

« Safety
 Environmental impact

eman ta zabal zazu

w Introduction

Agriculture
10%

~\

Commercial &
Residential
12% N

Transportation
28%

Electricity
27%

U.S. Environmental Protection Agency (2020). Inventory of U.S.
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The importance of tfransport

« Safety
« Environmental impact

« Economical value » Europe: 11 million workers (5% of total

employment)
* USA: 3.6 million truck drivers, 7.95 million related
jobs
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The importance of tfransport Communiaons
Alcoholic beverages, ';?;&h /-1-2%

tobacco and narcotics Housing, water,

° S .I: _I_ . 3.9% electricity,ﬁ?ealz and other
O e y CIothlng4a_r;go footwear oy

 Environmental impact Zlémi:;ig%:,agglg;m

« Economical value s4%

« Socialimpact

Restaurants and hotels
0,

Transport
13.2%

Recreation and culture
9.1%

Food and non-alcoholic

Miscellaneous goods and
beverages

services
11.4% 12.1%
Source: Eurostat (online data code: nama_10_co3_p3) eurostat¥&
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The importance of tfransport

« Safety

Environmental impact
Economical value
Social impact

USA 2018:

«  Avg commute fime (one way): 27 min

« 4.3 million workers with commutes of 20 minutes
« On average 225 hours to commuting
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Intelligent Transport Systems ITS

« Traffic monitoring, congestion and accident detection

« Vehicle countfing and classification, vehicle tracking, license plate
recognifion

» Free flow tolling

« High occupancy lane control

« Parking management

« Information panels, adaptive signal control

« Infrastructure maintenance

« Traveler information systems, route guidance
« Driver monitoring

« Advanced driver-assistance systems (ADAS)
« Autonomous Vehicles (AV)
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Computer Vision for ITS

L. Unzueta, M. Nieto, A. Cortés, J. Barandiaran, O. Otaegui, and P. Sdnchez, "Adaptive
e MUITICUE background subtraction for robust vehicle counting and classification 2012
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Computer Vision for ITS

y
J.D. Ortega, M. Nieto, L. Salgado, and O. Otaegui, "User-adaptive Eyelid Aperture Estimation
emen tazabal zezu for Blink Detection in Driver Monitoring Systems" 2020
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Computer Vision for ITS CF - JEl

. Lo N \ P e il
Nieto, M., Arrospide Laborda, J. & Salgado, L., “*Road environment modeling using robust
eman ta zabal zezu perspective analysis and recursive Bayesian segmentation” 2011
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Automated driving
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Motivation
Data annotation
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Point cloud View

Point Cloud Viewer

Timeline

PM_obj blind_spot

PM_obj_ movement
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A. Mujika et al. "Web-based Video-Assisted Point Cloud Annotation for ADAS validation”. 2019
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Data annotation

L2 B 0 = i
Objectview  Preview
Video 3D View RV FV MVL MVR fopView Point cloud View
- -

scene
objects ¥l @
Q@ lane_boundary 0

W
/
=

e WA g

Qi lane_boundary 2
Q1 lane_boundary 3
Q@ lane_boundary 1 B
Q@ lane_boundary 5
(e Ry ]
Q@ lane_boundary 9
Qll lane_boundary 6 B
Q@ lane_boundary 11
Q@ lane_boundary 8

7

7

‘.4-‘, /, "y
AL A

!

|

Q@ lane_boundary 12

Qi lane_boundary 15
Q@ lane_boundary 10 B
Q@ lane_boundary 13 M
Q@ lane_boundary 16 B
Q@ lane_boundary 17 B
Qi lane_boundary 7l
QU lane_boundary 14

‘.,.

\

>

=
%

>

= |
Z
7

=

AN
\
\

Objects

K KM /892

@  lane_boundary 4

border_size_y

Is_lane_marking_colour
ore v

eman ta zabal zazu

Infroduction 15- 62 graphicsvision.ai




o vicOmtech
Motivation e OF BASQUE RESEARCH
LIDAR

eman ta zabal zazu

Infroduction ]6 B 62 ;j gerhiCSViSiOﬂ




o vicOmtech
Motivation e
LIDAR
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Horizontal road markings

Asi son las seiales horizontales

Las sefiales horizontales o marcas viales, pintadas sobre la calzada, guian
al conductor y le proporcionan informacion para circular con seguridad.

Paso para didistas y paso
para peatones. Pueden ir junto
a semaforos.

Zig-zag amarillo.
P:ghl"bg estacionar . llﬂ

/ Revista Trdafico y

Seguridad Vial DGT
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Prohibe parar y'
estacionar. | RevistaTrdfico y Sequridad Vial
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Horizontal road markings

« LIDAR vs camera for road markings annotation:
— Less sensitive to illumination
— 3D reconstruction
— Lower density
— Expensive
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Objectives

« Automated annotatfion of lane markings using LIDAR
— Web-based annotation tool
— Preprocessing steps that prepare the data
— Quality evaluation
— Validation with professional annotators
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Contributions

A method for the automatic annotation of lane markings using LIDAR
Evaluation methodology

Exploitation of cloud architectures

Web-based annotation tool for remote work
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Research environment and context
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R&D projects funded under H2020

CloudLsva

inLane y

Lane Navigation Technology

Large Scale Video Analysis

New-generation,
low-cost, lane-level
navigation
application.
Crowdsourced real-
time cartography
updates

Integrating big
data, video
annotation and
cloud based
technologies for
improved ADAS and
Digital Mapping

Infroduction
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Hand-over and
hand-back
between
automated and
manual driving with
main performance
target of reducing
the lack of
awareness and
attention by the
driver, improving the
driver's and vehicle
response
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AUTOPILOT
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@TransSec

Autonomous

emergency

manoeuvring and
movement

monitoring for road

Bring together )
fransport security

relevant knowledge
and technology
from the automotive
and the loT value
chains in order to
develop loT-
architectures and
platforms which will
bring Automated
Driving fowards a
new dimension
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Lane markings automated annotation

1. QOutline of the proposed approach
2. Point cloud preprocessing and preparation
3. Lane markings detection

‘% graphicsvision
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Outline of the proposed approach

ecorg€d point clouds Annotated lane
nd gdometry Offline processing markings
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Point cloud preprocessing and preparation

LIDAR scans
LIDAR extrinsics 1: Filter scans
Odometry ¥
2: Scans
accumulation

v

3: Noise reduction

v

4: Intensity

calibration
Accumulated 5: Contrast
and filtered enhancement
point cloud
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Point cloud preprocessing and preparation RIS
1-2. filter and accumulate scans

7
.

Input scan filtered scan accumulated scans
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Point cloud preprocessing and preparation
3. noise reduction
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Point cloud preprocessing and preparation RIS
4. intensity calibration

Laser O

Laser 1 0 1 2 254 255
Laser 2 0 ] 2 .. 254 255
Laser N-1 0 1 2 254 255

Levinson, J., & Thrun, S. (2010). Robust vehicle localization in urban environments
using probabilistic maps.
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Point cloud preprocessing and preparation

4. intensity calibration

vicOmtech

MEMBER OF BASQUE RESEARCH
& TECHNOLOGY ALLIANCE

—n--.—mm ~— observec
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Point cloud preprocessing and preparation RIS
4. intensity calibration

Laser O
Laser | c(j.a)

Laser N-1

c(ja) =2 ki =
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Point cloud preprocessing and preparation RIS
4. intensity calibration (angle of incidence)
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Point cloud preprocessing and preparation RIS
5. contrast enhancement
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Point cloud preprocessing and preparation RIS
5. contrast enhancement

eman ta zabal zazu

w
v Lane markings automated annotation 35-42 L graphicsvision.ai




vicOmtech
Lane markings detection

s \ For each odometry position
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1. block cropping
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2. defection
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Lane markings detection s
2. defection

np: number of point in the block
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2. detection

Vehicle located at (0,0,0)

p(x,0,0)
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Lane markings detection
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4-5 Classification and refinement of dashed segments extremes

detected points infermediate points removed segments extremes refined
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Lane markings detection e s
5. refinement of dashed segments extremes

[
D
o

[
Ny
o

g(n,m) =2(b, = b,,) [+Hd(n,m

[
N
o

—— E— EE— SEE—— — S—

>
= 100 Z"; b; z b —I—ZJ m+1
c _ i=n o
ES" d(n’m)_m—n—l—l nb—( —n+1)
60 I
40 I
20 | | I
o | | | |
0 n m nb

eman ta zabal zazu

? Lane markings automated annotation 44 - 62 @’i graphicsvision.ai




vicOmtech

MEMBER OF BASQUE RESEARCH
& TECHNOLOGY ALLIANCE

Evaluation

1. Evaluation methodology
2. Dataset description
3. Results
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Evaluation methodology

Ground-truth > Comparison (el Quality

ﬁ meassure

Automatic annotation

—l ﬁ Time with

— N - pre-annotation
Human annotator

Recorded point clouds - ﬁ Time without

and odometry pre-annotation

Human annotator
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Evaluation methodology
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R=TP/(TP + FN)
P=TP/(TP + FP)
F=2RP/(R+ P)
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Evaluation methodology
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Dataset description

eman ta zabal zazu

vicOmtech

MEMBER OF BASQUE RESEARCH
& TECHNOLOGY ALLIANCE

Trace Weather Hour | Lanes Type Road

1 sunny 18 4 straight concrete

2 sunny 15 2 slight curve | grey asphalt
3 sunny 12 2 straight grey asphalt
4 sunny 15 3 slight curve | grey asphalt
5 foggy 11 3 straight grey asphalt
6 sunny 16 3 slight curve | dark asphalt
7 sunny 17 3 straight dark asphalt
8 clear evening 19 4 straight dark asphalt
9 cloudy wet 14 1-3 tight curve | dark asphalt
10 sunny 16 3 slight curve | dark asphalt
11 sunny 9 2 straight dark asphalt
12 sunny 11 3 slight curve concrete

Evaluation

49 - 62

« Total distance: 11 km

» Sensors: 64-Layer LIDAR + GNSS/INS + 4cameras
« Highways and non-urban roads

« Average points density: 350 points/m?2
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F=0.94 (6=20 cm)
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Parameter sensitivity analysis
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Parameter sensitivity analysis
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Parameter sensitivity analysis
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Results
35
30
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=
= 20 without pre-annotation: 20 min
o 15 with pre-annotation: 8 min
£ 10 60% reduction
= s Computation time: Tmin
0
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Conclusions and future work

1. Conclusions
2. Future work
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Conclusions

« Collection, preprocessing and preparation of the LIDAR data.
« Contributions to the development of a Web-based annotation system.

« Implementation of a computational pipeline for the detection of the
line markings with LIDAR data.

« Implementation of an evaluation methodology focused on the
precise positioning of the lines.

« Validation experiments showed a reduction of 60% in the time
required for manual annotation.
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Future work

« Detect other road markings
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Future work

« Detect other road markings
« Detectroad edges
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Future work

« Detect other road markings
« Detectroad edges
« Improve LIDAR exirinsic parameters
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Future work

« Detect other road markings

« Detectroad edges

» Improve LIDAR extrinsic parameters
« Combine LIDAR with cameras

Wikipedia
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iMUCHAS GRACIAS!

eman ta zabal zazu

w Conclusions and future work 62 - 62

~ graphicsvision.d




