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How can you use MATLAB and Simulink to develop
automated driving algorithms?

Perception Control

Planning
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Examples of how you can use MATLAB and Simulink to develop
automated driving algorithms

Sensor models & \
model predictive control

/ Deep learning

Road and driver pac
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How can you use MATLAB and Simulink to develop
perception algorithms?

/ Deep learning
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Automated Driving System Toolbox introduced:

Ground Truth Labeling App to label video data

4\ Ground Truth Labeler - gtiCustomizations

LABEL

SO &
Load Save Impot @ ROl

FILE
ROI Label Definition

C‘C'P Define new RO label

» Car i
» Pedestrian 7
» StoplLight i
» Lane i -

Scene Label Definition

E;.P Define New Scene Label

Add Labei

Current Frame

Time Intervai Remove Labsl

Before you can label a scene, begin by defining
a Scene Label

Algorithm:

[T Default Layout
_| Select Aigorithm v

4 Show RO Labels

| 01 _city_c2s_fcw_10s.mp4

VIEW AUTOMATE LABELING

|Me

Automate

=

—

View Label  Export

EXPORT. ﬂ
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Videos and Webinars

Some cominon questions from automated driving engineers
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Automate labeling lanes with Ground Truth Labeler

4\ Ground Truth Labeler — X

= = T — e

138} &, Zoomin [T Default Layout @ L >
o] 3 750m00 e R tomation algorith
| S U Show ROILabels | ¢y oo g un automation aigoritnm
fy Pan ‘Show Scene Labels Run automatior
pr— - X S T - |
MODE VIEW SETTINGS RUN 3 o s
| ROl Label Definition | _‘f caltech_cordoval.avi ] ] Auto Lane Detection [ |

I_'&l q{ E} Scene Labels Load a MonoCamera configuration object from the
5 :Sunny workspace using the settings panel
- - [ ICioudy
b laneMarker i---
Specify additional parameters in the settings panel
» | ]
» | )

Run the algorithm

Manually inspect and modify results if needed

Scene Label Definition
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Emﬁ
Current Frame Add Label
Time Interval Remove Labsi
b & |
» : |
0 %
01.30000 01.30000 L Zoom Out Time Interval
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Specify sublabels and attributes in Ground Truth Labeler App

4 Ground Tiuth Labeles

_j ROl Label Definition |

E gt |Duen = 2200 g B &

1 oA Zoom Ost o Salect Nigoitiny « e p

o » 5 Staw ROl Lok Adtamals  Vewies S
-

q} Label @-} Sublabel

F cyclist
b bicycle

F wvehicle
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[ e ATOUETE e BARATY  gmeaT | m—_— =
Attribute [proee » vppediacking mpd Attributes and Subiabe
Eﬁ x Sunies e ASrtuie Alrbues
. Astnbutes for cycl
l : LikaType toyel

Attributes and Sublabels |

Aftributes

Attributes for cyclist:
" < bikeType bicycle »

action inMotion v
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Automate labeling pixels with Ground Truth Labeler

4\ Ground Truth Labeler

Stop Undo Run Accept Cancel

53| % Zoomin Default Layout
| & zoomout e
% [ Show ROl Labels Saimpe | sk
‘ff:: I Pan [ Show Scene Labels
v VIEW | SETTINGS

RUN

ROI Label Definition

» I
» | e
» | 2
.
Scene Label Definition
[
=
Current Frame Add Label
Time Interval Remove Labsi
> |
» |

[ caltech_cordoval.avi

=
01.33334

Start Time

Current

|

02.47728

End Time

Automate pixel z

‘ay to automate
maeuT UG g ke Tie~aomationAlgorithm
automatically creates pixel level annotations for
road and sky.

Review and Modify: Review automated labels
over the interval using playback controls,
Modify/delete/add ROIs that were not
satisfactorily automated at this stage. If the results
are satisfactory, click Accept to accept the
automated labeis.

Accept/Cancel: If results of automation are
satisfactory, click Accept to accept all automated
labels and return to manual labeling. If results of

. automation are not satisfactory, click Cancelto
return to manual labeling without saving
automated labels.

-

Zoom Out Time Interval |

labeling o
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Learn how to train a deep learning network using this example

Xa
Semantic Segmentation
Using Deep Learning

Train free space
detection network using
deep learning

Computer Vision

System Toolbox™

Semantic Segmentation Using Deep Learning

This example shows how to train a semantic segmentation network using deep learning.

A semantic segmentation network classifies every pixel in an image, resulting in an image that
is segmented by class. Applications for semantic segmentation include road segmentation for
autonomous driving and cancer cell segmentation for medical diagnosis. To learn more, see
Semantic Segmentation Basics.

To illustrate the training procedure, this example trains SegNet [1], one type of convolutional
neural network (CNN) designed for semantic |mage segmentation. Other types networks for
semantic segmentation i p vorks (FCN) and U-Net, The training

R2017b

This example also uses:
Neural Network Toolbox

vag16

Open Script

procedure shown here c{ 4\ Add-On Explorer

This example uses the (
street-level views obtaing

Learn more about

Setup Neural Network Toolbox Model for iy
This example creates tf}e VGG 16 Network ¥ 20 BoaTn . ,-
T e /G G 1 7.2.0.0 by MathWorks Neural Network Toolbox Team ceauat baidoet

vggle(); RETRAINED MODE Pretrained VGG-16 network model for image classification m

‘ MathWorks Feature

Overview

Manage Add-Ons

125 Downloads
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Load and overlay pixel labels

% Load pixel labels
classes = ["Sky"; "Building";...
"Pole";

"SignSymbol";

"Road"; "Pavement"; "Tree";...

"Fence"; "Car"; ...

"Pedestrian"; "Bicyclist"];
pxds = pixellLabelDatastore(...

labelDir,classes, labelIDs) ;

% Display labeled image

C = readimage (pxds, 1);

cmap = camvidColorMap;

B = labeloverlay(I,C, 'ColorMap', cmap)

imshow (B)

pixelLabelDatastore
manages large collections
of pixel labels

4\ MathWorks

Bicyclist
Pedestrian
Car

Fence
SignSymbol
Tree
Pavement
Road

Pole
Building

Sky
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Visualize distribution of labeled pixels

o

% Visualize label count by class

tbl = countEachLabel (pxds)

frequency = tbl.PixelCount /
sum (tbl.PixelCount) ;

bar (1:numel (classes), frequency)
xticks (1l:numel (classes))
xticklabels (tbl.Name)
xtickangle (45)

yvlabel ('Frequency')

0.3

025 Likely to
detect roads
0.2
0.15
Unlikely to
0.1 detect

bicyclist

0.05

3 ;
6‘:\ .@\K‘o" Qc}?' Q&b & «@Q 6"00 eo(’e P &
o

Labeled pixels in this set are
Imbalanced

4\ MathWorks
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Add weighted layer to compensate for

Imbalanced data set

o

% Create weighted layer
pxLayer = pixelClassificationLayer(...

'Name', 'weightedLabels', 'ClassNames', tbl.Name, ...

'ClassWeights',classWeights)

o

% Replace layer

lgraph = removelayers (lgraph, 'pixellLabels');
lgraph = addLayers (lgraph, pxLayer);

lgraph = connectlayers (lgraph, ...

'softmax', 'weightedLabels');

% Display network structure
plot (lgraph); ylim ([0 9.5])

title('Replaced Layers Graph')

Complete Layer Graph

g
Mg
1
2

Replaced Layers Graph

Replaced network
layer oy

4\ MathWorks
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Train network and view progress

[net,

info]

trainNetwork (datasource,

lgraph,

options) ;

4 Training Progress (21-Aug-2017 11:58:36)

100 —

80 —

60

ATTUTETy (7o)

40

301

Training Progress (21-Aug-2017 11:58:36)

|

100

2000

4000

6000
Iteration

8000

10000

12000

4\ MathWorks:

Results
Validation accuracy:
Training finished:

Training Time
Start time:
Elapsed time:

Training Cycle
Epoch:

lteration:

lterations per epoch;
Maximum iterations:

Validation
Frequency:

Patience:

Other Information

Hardware resource:

Learning rate schedule:

Learning rate:

Learn more

NiA
Reached final iteration

21-Aug-2017 11:58:36
1141 min 20 sec

120 of 120
12600 of 12600
105

12600

N/A
NIA

Single GPU
Constant
0.01

21
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Assess similarity using intersection-over-union (loU) metric

iou

= jaccard (actual, ...

expected) ;

table (classes, iou)

ans =
11x

2 table

classes

"Sky"
"Building"
"Pole"
"Road"

"Pavement"

"Tree"

"SignSymbol"

"Fence"

"Car"

"Pedestrian"

"Bicyclist"

iou

0.92659
0.7987
.16978
.95177
.41877
.43401
.32509
0.492
0.068756
0

0

o O O O o

Actual

Difference

Expected

B4 11x2 table

1
classes
1 “Sky”

2 "Building"
3 "Pole”

4 "Road"

5 "Pavement”

iou
0.9266
0.7987
0.1698
0.9518
04188

25



Distribution of labels in data affects intersection-over-union (loU)

Distribution of labels in original data set

0.3

025

o
N

Frequency
o
(=]
w

0.1

Underrepresented classes such as Pedestrian and Bicyclist are

Evaluation metrics of network

Accuracy IoU MeanBFScore
Sky 8.93544 9.89279 0.88239
Building 8.79978 8.75543 0.59861
Pole 8.73166 8.18361 8.51426
Road 8.93644 9.98663 @.7086
Pavement 8.90624 8.72932 0.78585
Tree 8.86587 8.73694 0.67097
SignSymbol 8.76118 9.35339 0.44175
Fence @.83258 8.49648 0.58265
Car 9.90961 0.75263 ©.64837
Pedestrian 8.83751 @.35409 0.46796
Bicyclist 8.84156 0.5472 0.46933

not segmented as well as classes such as Sky and Road

4\ MathWorks:

27



Detection drivable space using semantic segmentation

4\ MathWorks:
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Learn more about developing deep learning perception algorithms

with these examples

Automate Ground Truth
Labeling for Semantic
Segmentation

Add semantic segmentation
automation algorithm to
Ground Truth Labeler App
Automated Driving

System Toolbox™

=——R2018a

R2017b

X
Semantic Segmentation
Using Deep Learning

Train free space
detection network using
deep learning

Computer Vision

System Toolbox™

R2018a

\\\\\\\\\\

Read

Code Generation for
Semantic Segmentation
Network

Generate CUDA® code to
execute directed acyclic graph
network on an NVIDIA GPU

GPU Coder™

30
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How can you use MATLAB and Simulink to develop
perception algorithms?

Perception

/ Sensor fusion
with live data

- e T e vt e i e
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Automated Driving System Toolbox introduced:
Multi-object tracker to develop sensor fusion algorithms

R201/a

Multi-Object Tracker

Tracking
Filter

Detections Track
Manager

4\ MathWorks:

Videos and Webinars

Some common questions from automated driving engineers

Assigns detections to tracks - Predicts and updates state of track @ '
Creates new tracks « Supports linear, extended, and

Howcanl

Updates existing tracks unscented Kalman filters [ 19:27 | 2 |

Removes old tracks Introduction to Automated

Driving System Toolbox

33




How can | test my sensor fusion algorithm with live data?

Radar

.....

L~

4\ MathWorks
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Test forward collision warning algorithm with live data from
vehicle

Radar

FCW zigaliesijon)

Read
sensor data stream

AN - and video stream

Video frame
TCP/IP Ethernet TCP/IP

FCW algorithm I

Visualization

36
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Test forward collision warning algorithm with live data from
“surrogate” vehicle

FCW zigaliesijon)

A SIIer

ane CAN
Read

CAN Tix -
, Vehicle Speed
ehicle Speed P sensor data stream
M e and video stream

FCW algorithm I
ﬂl 4 Visualization r

Recorded
messages

Video frame

{ TCP/IP Ethernet TCP/IP

Recorded video
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Send live CAN FD and TCP/IP data

@ MATLAE Command Window 4 Forward Collision Warning using SensorFusion by Live Data Stream - O X

Birdy& Plot

[>> Initializing App ... A
To get started, type one of & START  [Ca\ FD] Channel s online VBTG
A . i .- sonro
RO pCatuEE uforsation., Yias [TCP/IP] Trying to connected to localhost (127.0.0.1:2112) .
MRRFoV
[Timer] Timer is ready ... STOP .[TCPIIP] Connected to Iopalhost (127.0.0.1:2112) 100 : . . . . LRRFoV
LA PR, STttty Hanncg | ., Dan
[CAN FD] Channel is online .. >>Now, receving cata __ \ v Vision
[TCP/IP] Waiting for Client C 14 || 9| ' 1 SRAS S
[TCP/IP] (:onngcted to Client ' | o RightLane
>>> Now, sending data ... Video . I i O Tacks
Press Enter to end . |
Detections 0t . ; (history)
. ’ 1 o O Unknown
- received over gy (histoy)
Algorithm (interpret¢ CAN FD 7+ & 1 3 "  mio
/ ° g !
- n o |2
¥
60 Lo B -
il
3 I o
S | 4
| x |
Video i I
40 - i 1
. A o
received over o TR
TCP/IP =i /
|
20 I o] 1
I |eg
Toolbox CAN FD functions, Instrumer] I g o
System Toolbox capabilities are used 10 - ‘ v ! 7
I 4o
In this part of the example. run start I
to actively decode and execute the fu 0 I I 1) ! I
startReceiver('interpreted') L 29 L2 v ? ) =10 el =4
) 7 m
"€ Forward Colfition Waming using Sensorfusion by Live Data Sy
START | Can FO) Crarnet 5 aroe
+| Busy

38
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Recelve live CAN FD and TCP/IP data

@ MATLAE Command Window 4 Forward Collision Warning using SensorFusion by Live Data Stream - O X

Birdy& Plot

[>> Initializing App ... A
To get started, type one of & START  [Ca\ FD] Channel s online VBTG
A . i .- sonro
RO pCatuEE uforsation., Yias [TCP/IP] Trying to connected to localhost (127.0.0.1:2112) .
MRRFoV
[Timer] Timer is ready ... STOP .[TCPIIP] Connected to Iopalhost (127.0.0.1:2112) 100 : . . . . LRRFoV
LA PR, STttty Hanncg | ., Dan
[CAN FD] Channel is online .. >>Now, receving cata __ \ v Vision
[TCP/IP] Waiting for Client C 14 || 9| ' 1 SRAS S
[TCP/IP] (:onngcted to Client ' | o RightLane
>>> Now, sending data ... Video . I i O Tacks
Press Enter to end . |
Detections 0t . ; (history)
. ’ 1 o O Unknown
- received over gy (histoy)
Algorithm (interpret¢ CAN FD 7+ & 1 3 "  mio
/ ° g !
- n o |2
¥
60 Lo B -
il
3 I o
S | 4
| x |
Video “ I
40 - i 1
. A o
received over o TR
TCP/IP =i /
|
20 I o] 1
I |eg
Toolbox CAN FD functions, Instrumer] I g o
System Toolbox capabilities are used 10 - ‘ v ! 7
I 4o
In this part of the example. run start I
to actively decode and execute the fu 0 I I 1) ! I
startReceiver('interpreted') L 29 L2 v ? ) =10 el =4
) 7 m
"€ Forward Colfition Waming using Sensorfusion by Live Data Sy
START | Can FO) Crarnet 5 aroe
+| Busy
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Generate C/C++ code for algorithm

4\ MATLAB Coder Report Viewer - CA\MATLABExamples\VNT\codegen\lib\trackingForFCW_kernel\htm\report.midatx — X

E 5 ) GoTo v ; ‘ ﬁ

Back Forwarm (L Find

v MATLAB SOURCE

Function List Call Tree 1565 * const struct5 T *laneReports =
= £ trackingForFCW_kemel.m .; 1566 * struct7 T “egolane S
A\ trackingForFCW_kernel a5Gr double time .
calculateGroundSpeed 1568 * const double positionSelector[12]
fx P 1569 * const double velocitySelector[12]
fx fewmeas - 1 157¢ * emxArray_struct8 T *confirmedTracks
fx fewmeas 2 1571 ¢ double *numTracks
fx fewmeasjac - 1 1572 * structie T *mostImportantObject /
fx fowmeasjac - 2 1573 * Return Type : void /
L /
Feindoalinpadantobied ; ig: void trackingForFCl_kernel(const structeé T *visionObjects, const struct2 T /
2 ! 2 0 = 4
fx.fierNonCIUtterRadarC‘)bje? 1576 *radarObjects, const structd4 T *inertialMeasurementUnit, const struct5_T // Generated
fx initConstantAccelerationFi .| 1577 *laneReports, struct7 T “egolane, double time, const double positionSelector .
, £z nrocaccNatadtione : ‘ 1578 [12], const double velocitySelector[12], emxArray_struct8 T *confirmedTracks, C functlon
- - 1579 double “numTracks, structie T *mostImportantObject) \
v GENERATED CODE 1580 { —_— N
B trackingEKF.h ~| 1581  emxArray objectDetection *detections; \
[ trackingForFCW_kemel.c 1582  emxInit_objectDetection(&detections, 2);
B trackingForFCW_kemel h 1583 jn. . L ) _ ) o . o h -
[ trackingForFCW_kemel_e 7%?_8_‘} h ’
B trackingForFCW_kemel e | SUMMARY ALL MESSABGES(1 BUILD LOGS COOE INSIGHTS (0 VARIABLES
[ trackingForFCW_kemel_e ~
» wackingForrci_kemel « | & Code generation successful
[ trackingForFCW_kemel_ir
i ¢ Generated on:  17-Mar-2018 19:07:16
B trackingForFCW_kemel_ir Build oy
[ trackingForFCW_kemel_rt o Spe: i : 2 . :
A Output file:  C:\MATLABExamples\VNT\codegen\lib\trackingForFCW_kernelitrackingForFCW_kernel lib
B trackingForFCW_kemel_rt p e e SMATLAB Host C :
[ trackingForFCW_kemel_te ~ disrihasial e st i ¢ B
1 »
14 | x
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Stream live CAN FD and TCP/IP data into compiled algorithm code

39 =
40
41
42 -
43 -
44 -
45

To get started, type one of t
For product information, visi

[Timer] Timer is ready ...
[CAN FD] Initializing channel
[CAN FD] Channel is online ..
[TCP/IP] Waiting for Client C
[TCP/IP] Connected to Client
>>> Now, sending data ...
Press Enter to end

-end

disp('Conficul

end
% Generate code and n
codegen -config coder

disp('Completed genex

4\ Forward Collision Warning using SensorFusion by Live Data Stream

g

[>> Initializing App ...

START [CAN FD1 Channelis. anline

Birds-Eye Plot
|

sToP Algorithm uses
= 1's of msec in

o software-in-the-loop mode

Algorithm (sil): 1.808 ms

100

90

70

40

30

10

O

X

VisionFoV
MRRFoV
LRRFaV
Radar

Vv  \Vision
— — —LeftLane
RightLane
O  Tracks
(history)
Unknown
(history)
mio

41



Learn more about developing sensor fusion algorithms

R2017

Forward Collision Warning
Using Sensor Fusion

——=R201/a

= Design algorithm with
multi-object tracker and
recorded vehicle data

Automated Driving
System Toolbox™

VQ,J'\.\; e

ME X Processing Time and Speed-Up Ratid ot Each Step

4
Code Generation for

Tracking and Sensor
Fusion

= Generate C/C++

code from algorithm
which includes a
multi-object tracker
MATLAB Coder™

N alaorithm

| i
. _— ~a) L
—w AN P
— Yoty Spwes USSR Samace Ssty sbe
5_ " Yom fete ard vickeo sbmam
A
) —
e
i ,
< FOW wigontten
-
! [ —
4 .
Veustraor

sm Receiver
¥ )

Executing a Forward
Collision Warning
Application with Live CAN...

R2018a

Stream CAN FD data to

prototype algorithm on
your laptop

Vehicle Network Toolbox™

4\ MathWorks:
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How can you use MATLAB and Simulink to develop
control algorithms?

Sensor models & \
model predictive control

Road and driver path

1450
{400
| 350
130
{250

45



Automated Driving System Toolbox introduced:
Synthesizing scenarios to test sensor fusion algorithms

Top View
7 " Vehicle passes
Ohata Carara Niow - through detector

coverage areas - :

R201/7a

Bird's-Eye Plot
Time = 4.4 (sec)
. vision[

20 | * radar {
road |

15¢ |

10t

£ B

-10 ¢

15+

-20 ¢ l

10 0 -10
Y (m)

4\ MathWorks

Videos and Webinars

Play scenano with sensor models

Introduction to Automated

Driving System Toolbox
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Simulate closed loop system with radar/vision detections,
sensor fusion, and model-predictive control

s Adaptive Cruise Control with Sensor Fusion
mo
0 ACCTestBenchExampla - Simulink - o
Ble saie View Display Dragram Simufation Analysis Code Jools Help
Eh’-_",oﬂ U@vﬁ.@" » (b 4 3 Normal (D - g
) ref MPC mv D ACCTestBenchExample = % J & =
& "h ACCTestBenchExample b
Y Adaptive Crulse Control Using Sensor Fusion Test Bench |
) md ol B [
Model Predictive Control = — - 5 %
‘ T B P S s - fios
scmsm:] g Preacn N fracimeal w10
Script fp— — .
T ————afPseacton Tire T} || —
) Detections e
Multi — confirmed | <=
Object Tracks 4 :
o Tracker ‘ (D_I NG o S Fuso0 Radar
) Prediction g N Actors Detection
Time ’ Generator
, [Sensor Index: 2]
Multi-Object Tracker

R2017b

3 Actors

) Vision

JRadar .
Bird's-Eye

),

),

),

Tracks Plot

MIO

Roads

Bird's-Eye Plot

Detections [ )

Vision

Detection :
Generator Detections P

[Sensor Index: 1]

Actors

Radar Detection Generator

Vision Detection Generator
48



Synthesize detections to test sensor fusion and
model-predictive controller

4 Figure 1: ACCTestBenchExample/Bird's-Eye Plot = E X

@Pr® %S OE

Noemai

a

#00 \ "-.i ®  Vision Detections
\ o\ | | ® RadarDetections -
180 - AR E nsor Fusion Test Bench |
| H— —
.+ Radar coverage area
160 ', \ '.\ \ l}
[
4 j i Actors Actors
ik ",r'l / Vision | @ » Vision
!." // Radar | @ »Radar .. Eye
E 100 - ."’ /= B | eration ] Acceleration Roads MTracks o
= f / Prediction Tame > »MIO
{ !
80 l." / _ —] L | gl dinal Velogity [————— » Roads
.'! / = = | Bird's-Eye Plot
60 | & B
f \\V'IS|on cove rage area Vehicle and Environment
40 / /
20 ", / | e
N
I o ‘
0 ,/
'=<. Ego vehicle
50 0 \
Y (m)
101% T=9.200¢ Paused

4\ MathWorks:
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Synthesize lane detection with Vision Detection Generator
G] Block Parameters: Vision Detection Generator R2O] 8 a
Vision Detection Generator

Sensor simulation block used to generate vision detections from simulated actor poses.
Detections are generated at intervals of the sensor's update interval. A statistical model

generates measurement noise, true detections, and false positives. The random numbers
used by the statistical model are controlled by the random number generator settings on
. the Measurements tab.
) Actors Object D Source code
Detections ——
Vision Parameters  Measurements  Actor Profiles = Camera Intrinsics
Detection Sensor Identification
Generator Unique identifier of sensor: 1
[Sensor Index: 1] :
Lane Lane Types of detections generated by sensor: fLanes and objects o
) Boundaries Detections D Required interval between sensor updates (s): &br{:tzfﬁgly
Required Interval between lane detection updates (s): Lanes with occlusion
Lanes and objects
Vision Detection Generator Sensor Extrinsics b
Sensor's (X,y) position (m): [19,0]
Sensor's height (m): 11.1

Yaw angle of sensor mounted on ego vehicle (deg): 0
Pitch angle of sensor mounted on ego vehicle (deg): 1

Roll angle of sensor mounted on ego vehicle (deg): 0

52
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Create highway double curve with drivingScenario

Road and driver P?th Driver distracted at curvature change
_ 1450 — 1140
= Driver
waypoints {0 -
simulate {350
distraction at
curvature 1300 ' 1108
changes 250 B =
< 80
1 200
1150 i o 160
1100 3
: 140
150 ®
0 : 20
200 20 0 -20

53



Simulate distracted driver

z Figure 1: LKATestBenchExample/Bird's-Eye Plot
@re Ko E

X (m)

Joemai

N\

User Controls g

Safe Lateral Distance

Distracted driver

departs lane

Model Buttons

Edit Setup
Script

Actors

Actors

Bird's-Eye

View diagnostics

Lane Detections P Lane Boundaries Plot
Lane Markings P Lane Markings
(rad) e
=r Steering Angle | Bird's-Eye Plot
(mis)
Longitudinal Velocity
(mis)
10{10}
Lane Sensor
Vehicle and Environment
149% T=5.200 5} 14%

auto{oded5)

4\ MathWorks
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Simulate lane keep assist at distraction events

?-. Figure 1: LKATestBenchExample/Bird's-Eye Plot
@re RO EA

X (m)

Joecmai

N

User Controls

Re

05/ U
l:\‘\_/l

i

Lane keeping
engaged

2

- 15 Edit Setup
‘ Script @

Model Buttons

View diagnostics

Info
Safe Lateral Distance
Actors P Actors
Lane Detections P Lane Boundaries B|r€|s(—):£ye
Lane Markings P Lane Markings
rad P
=r Steering Angle | (rad) Bird's-Eye Plot
(m/s)
Longitudinal Velocity
(mis)
10{10}
Lane Sensor
Vehicle and Environment
149% T=7.900 B auto(ode45)

4\ MathWorks:
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Compare distracted and assisted results

Road and driver path

- Detect lane departure |47

and maintain lane - 1400
during distraction : 1350

1300
1250 E
1200
1150
1100

190

200 100 0
Y (m)

4\ MathWorks

Driver asssisted at curvature change
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| Figure 1: LKATestBenchExample/Bird's-Eye Plot
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Graphically edit scenarios with Driving Scenario Designer

4 Driving Scenario Designer - untitled™ - Scenario Canvas — O

X
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Export MATLAB code to generate scenarios

4\ Driving Scenario Designer - untitled” - Scenario Canvas
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Export to
MATLAB code
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Explore what is required to follow high curvature paths

'Z Figure 1: LKATestBenchExample/Bird's-Eye Plot
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4\ MathWorks

Learn about synthesizing sensor detections to develop
control algorithms with these examples

R2017b R2018a —————R2018a

Cruise Control Sensor Fusion Test Bench
By~
A T T
" o | 5 e
- - e 4 O bk S e
— L h.’::: % o ,I:'E-!}” ...... [Benscr bnien
— —el_=F | —— |
R - | wgﬁ; |2 g
| e 1 e teelom EECO
4 B
Adaptive Cruise Control Lane Keeping Assist with Generate Synthetic Detections from
with Sensor Fusion Lane Detection an Interactive Driving Scenario
Simulate and « Simulate and « Edit roads, cuboid actors,
generate C++ for generate C++ for and sensors with
model-predictive control and model-predictive control Driving Scenario Designer App

sensor fusion algorithms with lane detections drivingScenarioDesigner
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Learn about modeling vehicle dynamics to develop control
algorithms with these examples

R2018a —————R2018a
1w A ( 6 E o LR T
% Lo i P 4 |- vtk
Copynght 2017 The MasWWorks. inc " ) N

o Scene Interrogation with
Double Lane Change Camera and Ray Tracing
Reference Application Reference Application
Simulate vehicle « Co-simulate with Unreal
dynamics for closed Engine and to set actor
loop design positions get camera image
Vehicle Dynamics Blockset™ Vehicle Dynamics Blockset™
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4\ MathWorks

How can you use MATLAB and Simulink to develop
planning algorithms?

/ Path planning \
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4\ MathWorks:

Robotics System Toolbox introduced:
Connectivity with the ROS ecosystem

Bitis

of )

s 2
@x

B Aom Caaw

” % A
_“ Ap ;)Iy Forces and Torques Path Following with
: Obstacle Avoidance in
Connect to a ROS Network in Gazebo Simulink®
« Communicate via ROS = Communication with = Follow path for differential
to integrate with Gazebo to visualize and drive robot with ROS
externally authored ROS simulated system based simulator

components
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4\ MathWorks:

We are investing in design and simulation of path planning for
automobiles

| inflated Areas

Motion planning: i

Plan path to next waypoint (RRT*)  gesrcoarrese

'Smoothed Path

4U

35
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> 25
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R2018a

X Rapidly-exploring Random Tree (RRT?*) ‘
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Learn about developing path planning algorithms

with these examples
R2018a

TTm T TT ]

70

| i mmmil
10 20 30 40 50 60
X

Automated Parking Valet

Plan path for automobile
given pre-defined map
Automated Driving

System Toolbox™

R2018a

Animate Sequence of Latitude
and Longitude Coordinates

Plot map tiles using
World Street Map (Esri)

Automated Driving
System Toolbox™
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Simulate V2X

communication to assess

channel throughput
LTE System Toolbox™
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Examples of how you can use MATLAB and Simulink to develop
automated driving algorithms

/ Deep learning
B model predictive control

Road and driver path ) o doviion =
— s
{4s0
{400
E -0 Y o - - ~ - ~
{300 Rutstve yow srgle -
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i

Perception

Sensor models & \
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MathWorks can help you customize MATLAB and Simulink for
your automated driving application

- Web based ground
truth labeling

Consulting project with Caterpillar

2017 MathWorks Automotive
Conference

= Lidar ground truth

labeling
Joint presentation with Autoliv
SAE Paper 2018-01-0043

2018 MathWorks Automotive
Conference

Lidar sensor model for

Unreal Engine

Joint paper with Ford
SAE Paper 2017-01-0107

4\ MathWorks
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https://www.mathworks.com/videos/big-data-data-analytics-and-machine-deep-learning-infrastructure-at-caterpillar-1497292968613.html

4\ MathWorks

How can we help you can use MATLAB and Simulink to develop
automated driving algorithms?
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