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Scania: Model-Based Design for AEB Sensor Fusion Development

50 km/h - sudden brake
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Scania: Model-Based Design for AEB Sensor Fusion Development

Two sensors

Sensor fusion

T - |

-> One "truth”

. |_Sencarc have different aduantacec

Model Based Design for fusion

Easy to get nice and readable architecture
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For-each systems and Matlab Function blocks,

suitable for loops and similar calculations.

MATLAE is a suitable platform for
debugging and visualization.

Easy debugging in Matlab Function Block

Log vehicle data

Data storage

ém Mw candidate
Re-siiﬂalion

Automatic situation
detection Full scale

l improvements
\ [
\ i3

3 \ {2013:05201345 | cw | ew | ow | cw
‘ 1201305201912 | wa | wB | cw | cw
: ‘ 2013-05-22 09:27 ~fow} cw
201305270605 | CW.{"

Generate statistics and compare cahgidates

\ Local improvements
\ with direct feedback

Analyze of situations
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Ground Truth Labeling and Algorithm Training
for Traffic Sign Recognition Systems
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MATLAB is used in daily work for development and evaluation of driver assistance functions

Prototypes are designed with MATLAB for predevelopment and proof of concept

Data management, evaluation, and interactive analysis are supported by MATLAB tools and

GUIs

Traffic Sign Recognition and other functions make high use of MATLAB tools

(MATLAB and its established features )
reduces our tool development efforts,
accelerates our simulation cost,

\_ and allows reliable, repeatable and accurate parameter optimizations Yy,

Dr. Alexander Bahrans (-]
Pwlic

Source: Traffic sign recognition for driver assistance systems (MAC Germany 2015)

Dr. Alexander Behrens 24 September 2015




& MathWorks

BMW Autonomous Driving R&D

USING MATLAB/SIMULINKWITH ROS.

— MathWorks released the Robotics System Toolbox this year for ROS
integration with Matlab/Simulink.

— Easily read and analzye data from ROS Bags — useful for evaluating
the system.

ROSCon 2015
Hamburg, Germany

— Some of our software is implemented as a Simulink model.

— Use the Toolbox to easily integrated this software into the ROS
AUTOMATED DRIVING WITH ROS AT BM eco-system:

MICHAEL AEBERHARD, THOMAS KUHBECK, BERIHARD SEIDL, MARTIN F =

JULIAN THOMAS, OLIVER SCHEICKL. L = I
; . e tag ﬂh =
BMW
GROUP hitp:!wewmathworks com/products/robatics!

Mhchal Astarturd, ENW Groap REssanh and Teckrosegy Paga 15
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Common Questions from Automated Driving Engineers

How can | How can | How can | design
visualize vehicle design and verify and verify
data? perception sensor fusion?

algorithms?
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Common Questions from Automated Driving Engineers

How can | How can | How can | design
visualize vehicle design and verify and verify
data? perception sensor fusion?

algorithms?
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Examples of Automated Driving Sensors

Radar-based
object detector

Vision-based

object detector

Inertial
Lane detector measurement

unit
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Examples of automated driving sensor data

Camera (520 x 480 x 3) Radar Detector
.

239 239 237 238 241 241 241 2472 S=e i/

252 252 251 252 252 253 253 SensorID = 2;

25 . - Timestamp = 1461634696407521;

ssVislion Detector NumDetections = 23;

25 5

SensorID = 1; Detection .

25 ’ o3

25| Timestamp — 1461634696379742, 253 rrackrp| 1AAX (47197 x 3)

25 NumDetections = 6; 53 TrackSt -12.2911 1.4790 ~0.5

] Dpete & Positio| ~-14.8852  1.7755 0.6

25 - Lane Detector -3 Velocit| -18.8020 2.2231  -0.7

25 Cl 1eft 53 Amplitul -25.7033 3.0119  -0.09:

- Po Tsvalid: | > Detection -0.0632 0.0815 1.2
° D

o5 Ve Confidence: 3 = 3 TrackID -0.0978 0.0855 1.2!

25 Si BoundaryType: 3 I253 TrackSt -0.2814 0.1064 1.2!

gg Detec Offset: 1.68 M.A . 1.2

> Tr HeadingAngle: 0.002 Inertial Measurement Unit |[:.2

25 Cl Curvature: 0.0000 Timestamp: 1461634696379742 1.2

gg POl Right Velocity: 9.2795 1.2

25 ve IsValid: 1 YawRate: 0.0040 -0. 6

~cl Q91 ~ " | -0 .7/




Visualize
sensor data



Learn More About Visualizing Vehicle Data

Explore Examples in Automated Driving System Toolbox

Birds-Eye Plot

(m

Visualize Sensor Coverage,
Detections, and Tracks

Annotate Video Using
Detections in Vehicle
Coordinates

.
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Segmented Point Cloud
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Ground Plane and Obstacle
Detection Using Lidar

= Plot object detectors
In vehicle coordinates
— Vision & radar detector
— Lane detectors
— Detector coverage areas

= Transform between
vehicle and image
coordinates

= Plot lidar point cloud
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Common Questions from Automated Driving Engineers

How can | How can | How can | design
visualize vehicle design and verify and verify
data? perception sensor fusion?

algorithms?
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Examples of Perception Algorithms

<
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Vehicle Detection

Object Detection: Locate and
classify object in image or video.

13



Workflow to Train Detectors

Label Ground
Truth

Ground Truth

1 2 3 4
imageFilename StopSign  chimney car
\toolbox\vision\visiondata\stopSignimages\image001.jpg’ [848,281.5... ] [415,39...
\toolbox\vision\visiondata\stopSignimages\image002.jpg" [385,501,1... ] [293,61...

\toolbox\vision\visiondata\stopSignimages\image003.jpg’ [459,3686... [] 0
\toolbox\vision\visiondata\stopSignimages\image004.jpg' [935,387.6... ] 3x4 do.
\toolbox\vision\visiondata\stopSignimages\image005.jpg' [960,385.8... [431,83,1... 3x4 do.
\toolbox\vision\visiondata\stopSignimages\image006.jpg" [1021,337.... ] ]
\toolbox\vision\visiondata\stopSignimages\image007 jpg’ [I ] 0

Train
detector

Machine Learning
Deep Learning

Object
detector

4\ MathWorks
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MATLAB Tools to Train Detectors

Label Ground
Truth Ground Truth

imageDS = imageDatastore (dir)
Easily manage large sets of images

Single line of code to access images
Operates on disk, database, big-data file system

Train
detector

Object
detector

15



MATLAB Tools to Train Detectors

Label Ground
Truth

Label

ground truth

Automate Labeling of Ground Truth

Train
detector

&\ MathWorks’

Object
detector

16
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MATLAB Tools to Train Detectors

Label Ground
Truth Ground Truth

Train Object
detector detector

Use same ground truth to try different detectors.

Machine Learning
= Cascade Object Detector

= Aggregate Channel Features Single Line of Code to Train Each Detector
Deep Learning E.g.

= R-CNN trainCascadeObjectDetector

= Fast R-CNN trainFasterRCNNObjectDetector

=  Faster R-CNN

17
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Designing Perception Systems
Computer Vision Algorithms for Automated Driving

Vehicle Detection Pedestrian Detection

Deep learning and ACF based (pre-trained) ACF and HOG/SVM based (pre-trained)

18
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Designing Perception Systems
Additional Computer Vision Algorithms for Automated Driving

Vehicle detection Lane Detection and Classification

with distance estimation « RANSAC-based lane boundary fitting

using mono-camera « Lane boundary visualization 6



Designing LIDAR Processing Algorithms

"4\ Figure 2: Point Cloud Player
File Edit View Insert Tools Desktop Window Help

DEdSAXOVPREL- G/ 0B a0

Segmented Point Cloud

4\ MathWorks
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Ground truth labeling to train detectors

Ground Truth

Labeler App mmmag Ground Truth

Train
detector

‘ MathWorks:

Object
detector

Ground truth labeling to evaluate detectors

Object EE———
detector Detections

Ground Truth
Labeler App

Evaluate

detections

21



Example of Vision System Detection

How can | verify this
detection is correct?

& MathWorks
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Evaluate
detections against
ground truth



Learn More About Verifying Perception Algorithms

Explore Examples in Automated Driving System Toolbox

RO! Label Definition
J L
S Oetne New ROILabet
» cars
b streetLights | B

A
b | Seene Label Definition

DATA SOURCE
R
. R |
& Imege Sequence ' 1 Define New Scene Labe!
{3 Custom Reader g
LABEL DEFINITIONS @ Currentframe  Add Ladel
(N G C YT

OTmemterval  Remove Label
SESUON
1 Sessi

» Sunny
» Overcast |
» Tunnel |

R R Y

LOAD DEFINE SET o
Video, Image Sequence, ROls and Scene Label Definitions Interval and Controis R
or Custom Reader '

Define Ground Truth Data for
Video or Image Sequences

= Label detections with
Ground Truth Labeler App

Impact of LaneStrengthThreshold on Precision and Recall Metrics
1 v v - — v - . . \
[ Preciuon ‘

Recad “

on and Recal

Pras

0 2 ) 40 50 o 70 »
" LaneStrongthThreshold* 100

Evaluate Lane Boundary
Detections Against Ground
Truth Data

driving.connector.Connector class
Connect Lidar Display to
Ground Truth Labeler

« Evaluate detections
against ground truth

« Extend connectivity of
Ground Truth Labeler App

4\ MathWorks
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Common Questions from Automated Driving Engineers

How can | How can | How can | design
visualize vehicle design and verify and verify
data? perception sensor fusion?

algorithms?

4\ MathWorks
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Example of radar and vision detections of a vehicle

NS RANODRL- (S 0EeD .
Image Coordinates Vehicle Coordinates
12

A vyision
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Example of radar and vision detections of a vehicle

NEdL ARV RL- G| 0E aD .
Image Coordinates Vehicle Coggdinates

A vyision
® radar

27



Example of radar and vision detections of a vehicle

Dadde k| RROBDEL- S 0E D
Image Coordinates

e Coordinates

Can we fuse detections
to better track the
vehicle?

A vyision
® radar

& MathWorks
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Design
multi-object tracker
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Euro NCAP TEST PROTOCOL Scenarlo Generatlon

PUBLISH

VIEW

g B = ] Find Fil . I = - o= . = \
AR i T L D - —
 l/Compare v cCfGoTow Comment % ‘g J
New Opsn Save ] Bmkpmms Run  Runand | Adance  Runand
v v v pSPiny  ((Find v ndet [ owr fy v Admnce Time.
FLE ~ waveaw | £or . MHS\ RN
7\ t3_0_playDrivingScenarioEuroNCAPCVNC.m + l"
28 %% Create a new scenario B
29 = s = drivingScenario; L
: GO — —0—
30— s.SampleTime = 0.05;
31
32 %% Create road
33— RoadCenters = [0 O 0; 50 0 0];

34 = road (s, RoadCenters, 10);

35 20-60 km/h

36 %% Add actors
37 % moving ego vehicle towards a child pedestrian crossing
35— egoCar = vehicle(s, 'Position',[0.4 -1 0], 'Yaw',180); )
. il imy H-point
38 Waypoints = [0.4 -1; 36 -1]; % in meters under Test
40 — Speed = 13.89; % egoCar speed = 13.89 m/s = 50 km/hr ttion vehicles
Al = path (egoCar, Waypoints, Speed); % create egoCar path
42 (running)
struction vehicle
43 % ——— two stationary cars ler Test and larger
44 — vehicle (s, "Position', [35.3 -3.8 0]1):
45— vehicle (s, 'Position', [29.6 -3.8 0]);
a6 narios
)-point)
47 % child pedestrian crossing it's path running from behind of stationary
48 % cars
49 — child = actor (s, 'Length',0.24, 'Width',0.45, 'Height',1.7,...
50 'Position', [40 -5 0], 'Yaw',180); L
C scenario. Running Child from Nearside
51—  Waypoints = [40 -5; 40 10]; % in meters £ -

from Obstruction vehicles (see Annex B)
52 Speed = 1.39; % child speed = 1.39 m/s = 5 km/hr

53 = path(child, Waypoints, Speed); % create child path 30



Learn More About Sensor Fusion
Explore examples in the Automated Driving System Toolbox

Birds-Eye Pict

Forward Collision Warning
Using Sensor Fusion

Number of Tracks at Each Step

—&—MATLAB
—*—MEX

0 50 100 150 200

250

MEX Processing Time and Speed-Up Ratio at Each Step oo

VIEX Procssing Time (ms)
- S

§

2 Bhy A e ._P' AT PR

vl | W R A
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0 Q -
n 50 100 150 200
‘ Time Step

-,

Code Generation for
Tracking and Sensor
Fusion

Speed-Up Ratio

= Design
multi-object tracker
based on logged
vehicle data

= Generate C/C++
code from algorithm
which includes a
multi-object tracker

R2017a
e j_\y{\
Sensor Fusion Using
Synthetic Radar and Vision
Data

= Synthesize
driving scenario
to test
multi-object tracker

4\ MathWorks
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Automated Driving System Toolbox

How can | How can | How can | design
visualize vehicle design and verify and verify
data? perception sensor fusion?

algorithms?

32



