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Voyage develops longitudinal controls for self-driving taxis

Designed longitudinal model predictive controller,
generated ROS node, and integrated with their open
source software framework for perception and planning

“We were searching for a prototyping solution
that was fast for development and robust for
production. We decided to go with Simulink for
controller development and code generation,
while using MATLAB to automate development

tasks.”
- Alan Mond, Voyage

Voyage’s self driving car in San Jose, California.

Vovaqge user story, 2017



https://www.mathworks.com/content/dam/mathworks/mathworks-dot-com/solutions/robotics/Voyage.pdf

Explore modeling patterns in shipping application example:
Adaptive Cruise Control with Sensor Fusion

P
Adaptive Cruise Control
with Sensor Fusion

Implement a sensor fusion based
automotive adaptive cruise controller
for a vehicle traveling on a curved
road using sensor fusion.

Open Model

Automated Driving
System Toolbox

Model Predictive
Control Toolbox

Test Scenario: Target vehicle cuts in front of ego vehicle

Target
vehicle
trajectories

Ego reference
speed and
heading

Vision

& radar
detection
generators

Sensor
fusion

Most Adaptive
important cruise

object control

Ego vehicle
dynamics
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Explore modeling patterns in shipping application example:
Adaptive Cruise Control with Sensor Fusion

| Adaptive Cruise Control Llsing Sensor Fusion Test Bench |

Test Scenario: Target vehicle cuts in front of ego vehicle
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Run simulation and visualize results

¥ ACCTestBenchExample - Simulink (4] Figure 1: ACCTestBenchExample/Bird's-Eye Plot - O x B
File Edit View Display Diagram Simulation Analysis Code Tools Help =1
et e e sty e CL ORI =!
vy H E B 4 B '—Q vi=S v @ <G lbm My 3 i s
ACCTestBenchExample ] N
® |[Pa]AcCTestBenchExample b e ®  Vision Detections o
® Radar Detections
Q | Adaptive Cruise Control Using Seng O Tracks
Model Buttons N 184 (history)
[J Most Important Object
- Roads
Click The Button Below 160 I vision Coverage Area
Before Running The Model : I Radar Coverage Area
O
120
“ ACCWithSensorFusion N
Vision o,
Use The Buttons Below ¢ 0 L B
To Edit The Example Acceleration = Acal £ 100
x
Edit Setup »{Radar 80
Script ¢
_ ' 60
Edit Scenario Prediclion Tene Jracks
40
Longitudinal Velocity
20
MIO Track}-
Curvature (1/R)
N 4 0
ACC with Sensor Fusion
50
Info
»
Paused 109% T=0.000* [ Paused ' auto(ode3)




Classic adaptive cruise control modes of operation

1.
2.

Speed control: Ego vehicle travels at a driver-set velocity

Spacing control: Ego vehicle maintains a safe distance from

&\ MathWorks

Most Important Object (MIO) detected from sensor fusion

Sensor

fusion

Most
important
object

Adaptive
cruise
control

Ego
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“Classical” adaptive cruise control switches between

speed and spacing controllers

Speed Control

v_set

driver_set_velocity

verr_gain

default_spacing

time_gap

D

Longitudinal Velocity

)

safe_distance

Relative Distance

relative_distance

/.

Goal: Slow down if the relative
distance is shorter than safe distance

7::\\ aAEEENg D

D,

Relative Velocity

Spacing Control

L

"

Acceleration
min

e

Goal: Follow set velocity
while keeping the safe distance
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What is model predictive control (MPC)?

Multi-variable
control strategy
leveraging an internal
model to predict plant
behavior in the near
future

Optimizes for the
current timeslot while
keeping future
timeslots in account

Optimizer
I Plant

MPC controller

Mature control solution
used in industrial
applications

Gaining popularity in
automated driving
applications to improve
vehicle responsiveness
while maintaining
passenger comfort



What is model predictive control (MPC)?
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References >

Optimizer

MPC controller

Measured outputs

Manipulated variable

Plant

Measured disturbance
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How can MPC be applied to adaptive cruise control?

References
1. Zero space error
2. Ego velocity set point

(Vset)

Measured disturbance
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Optimizer

Ego vehicle
model

MPC controller

Measured outputs
1. Space error (Dyeiative

2. Ego velocity (V,4)

Manipulated variable
1. Acceleration (u)

1. MIO velocity

- - - 2
minimize: |Vo50 — Vset|
subjectto:  Dyeiative — Dsage = 0

Unin S U S Upnax

Safe distance (Dsqre)

- Dsafe)
R Ego
vehicle
7y
MIO

ah
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How can MPC be applied to adaptive cruise control?

4\ MathWorks

Measured outputs

References

1. Zero space error 9

2. Ego velocity set point
(Vset)

Measured disturbance

1. MIO velocity

- - - 2
minimize: |Vo50 — Vset|
subjectto:  Dyeiative — Dsage = 0

Umin S us Umax

ﬁ Parameters
® ®

controller defined in the Model Predictive Control Toolbox.

1. Space error (Drelative - Dsafe)
Y mo 2. Ego velocity (Vo)
ref MPC mv P > Ehg OI
Manipulated variable wElnielis
1. Acceleration (u)
A
M md
MPC Controller
Block Parameters: MPC
MPC (mask) (link)
Ego The MPC Controller block lets you design and simulate a model predictive

MPC Controller impc1

Design

12



Steps to design MPC controller

1. Specify internal MPC model ]

Optimizer

(

2. Specify objectives

\_

and constraints

/

N

MPC controller
i —~— ~N

3. Tune performance

- J

4\ MathWorks
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1. Specify internal MPC model for ACC

—(2+Tgap)G(s) % ( u
G(s) 0

()7

Description

MPC internal model

Desired time gap

Constant parameter

Spacing error

Measured output

Longitudinal velocity for ego

Measured output

Longitudinal acceleration or deceleration

Manipulated variable

Longitudinal velocity for lead vehicle (most important object)

Measured disturbance

G(s)

Model from longitudinal acceleration to longitudinal velocity

4\ MathWorks
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Safe distance (Dgqye)

Estimating output (R) and disturbance (V,,,;,) from sensors

Symbol Description Source / Calculation
D, iative Distance from ego to MIO Output of sensor fusion
Vrelative Relative velocity of MIO with respect to ego Output of sensor fusion
Vego Longitudinal velocity for ego vehicle Output of sensor fusion
T yap Desired time gap Constant parameter
D, tser Minimum safe distance between ego and MIO Constant parameter
Dyufe Safe distance from ego to MIO =T gapVego + Dofrset
R Spacing error = Drelati,, — (TgapVego + Dosrset)
Vo Longitudinal velocity for MIO = Vietative + Vego

&\ MathWorks
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Derivation of internal model for MPC design

= Internal model:

()7

= The dynamics from u to V4, is given by G(s) , i.e. V5, = G(s)u.

= The dynamics from (

u
Vlead

—(§+Tgap)G(s) % ( u )
G(S) 0 Vlead

) to spacing error R is given by

R = Dretative — Dsafe
— (Vlead ego) TgapVego

( p) go+ Vlead

( + Tgap) G(s)u + — Vlead

&\ MathWorks
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1. Specify internal MPC model for ACC.:
1.1 Specify vehicle parameters

[Adaptive Cruise Control Using Sensor Fusion Test Bench |

Model Buttons

Click The Button Below

Before Running The Model ‘

=] ' | —
%% Ego Car Parameters
s s i % Dynamics modeling parameters
—@E@. m = 1575; % Total mass of vehicle (kg)
;;%mw Iz = 2875; % Yaw moment of 1nertia of vehicle (M*N*s"2)
1f = 1.2; % Longitudinal distance from c.g. to front tires (m)
1r = 1.6; % Longitudinal distance from c.g. to rear tires (m)
Cft = 19000, % Cornering stiffness of front tires (N/rad)
Cr = 33000, % Cornering stiffness of rear tires (N/rad)
. tau = 0.5; % Longitudinal time constant (N/A)
% Initial condition for the ego car
v0 ego = 20.6; % Initial speed of the ego car (m/s)
x0 ego = 0; % Initial x position of ego car (m)
y0 ego = -757.8; % Initial y position of ego car (m)

17



1. Specify internal MPC model for ACC.:

1.2 Specify linear vehicle model G(s)

QHeIp

< Examples Home

Toolbox

Examples

= CONTENTS

< Automated Driving System

< Simulink Examples

w5 @ | Adaptive Cruise Control with Sensor Fusion ‘ |

|

2Cr+2Cr

Vy mVix 0 =Vi- mVix
A 0 0
d :
— | ¥ | = |_2Gt—260 _2Cpe342C 67
dt Vx 4'6 Vy 0 % Vi
V,
- 0 0 0

2Cp g —2Cr by

oo o o© o

— O X

BOBO ~

Search Help

Ol [ 0 0

0 ¥ 0 0 0

0 Y|+ |2l |s+|0fu+ | O

1 \(X 16 0 V.V "P
V. 1 0
N 0 T

-

o

o

A

System matrices

= [-(2*Cf+2*Cr)/m/v0_ego,0,-v0 ego—- (2*Cf*1f-2*Cr*1lr)/m/v0 ego,0,0; ...

0,0,1,0,0;...

- (2*Cf*1f-2*Cr*1r) /Iz/v0 _ego,0, - (2*C£*1£72+2*Cr*1r~2)/Iz/v0 _ego,0,0; ...

0,0,0,0,1;...
0,0,0,0,-1/taul;
Bl = [2*Cf/m,0,2*Cf*1£f/Iz,0,0]";
= [0,0,0,0,1/taul"';
Linear vehicle model
= [0,0,0,1,01;
= ss(A,B2,C,0);

Convert from state-space to transfer function

= t£(G);

(frequency domain)

and ¥’ denotes the yaw angle. The vehicle

Jocity “?/) are based on body fixed coordinates. To
i into global coordinates through the following

A

|

v

4\ MathWorks
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1. Specify internal MPC model for ACC:
1.3 Create transfer function model

Model: R = 1/s*(Vlead-Vx)-time gap*Vx; Vx = G*u or
[R;Vx] = [-(1/s+time gap) *G, 1/s;G,0] * [u;Vlead]
% ACC parameters

time gap = 1.5; % ACC time gap (s)

% MPC internal model
s = tf('s'");
sys = [-(1/s+time gap)*G, 1/s;G,0];

$ Minimal realization

sys = minreal (sys);

&\ MathWorks
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2. Specify objectives and constraints
2.1 Create MPC object and scale signals

controller

o\©°

=<
<<
g
!

)
<

o® o° o® o° o©°
=<
)

O
<
I

= Qutput Variables

= Manipulated Variables
= Measured Disturbances
= Disturbance Variables = Measured Disturbances

Specify initial conditions
since all vehicle are moving

- M d Output i '
easured Outputs at start of simulation

sys = setmpcsignals(sys, 'MV',1,'MD', 2);

mpcl = mpc(sys,Ts);

%% Specify the controlle
mpcl.Model .Nominal.Y (1)

mpcl.Model.Nominal.Y
mpcl.Model.Nominal.
mpcl.Model.Nominal.

%% Specify scale factors based on the operating ranges of the variables.

mpcl.MV.ScaleFactor = 5;
mpcl.DV.ScaleFactor = 20
mpcl.OV (1) .ScaleFactor =
mpcl.OV (2) .ScaleFactor =

r

.
4

50;
20;

\

J

nominal values based on the simulation initial conditions.
(xO0 lead-x0 ego) - (default spacing+time gap*v0 ego);
v0_ ego;

v0 lead;

range of acceleration is 2 - (-3)
typical lead car velocity
typical spacing error

typical ego car velocity

Normalize dynamic
ranges to improve
optimization

o© o o\© o©°

~

&\ MathWorks
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2. Specify objectives and constraints

2.2 Specify optimization weights and constraints

" = " 2
minimize: |Vo5o — Vet
subject to: — Dsgre 2 0

Umin < U S Upgy

Drelative

%% Specify weights foczr

mpcl.Weights.OV =

%% Specify OV constraints.

N
Ignore space error during optimization
(weight =0)
J
)
Minimize error against measured velocity
(weight = 1)
—\ J
- f )

——,,,

mpcl.OV(1l) .Min = 0;

Constrain space error to ensure safe distance

[N}

% Specify MV constraints.
mpcl.MV.Min = -3; % maximum deceleration
mpcl.MV.Max = 2; % maximum acceleration

kbetween ego and most important object

-

Constrain acceleration to improve ride comfort

N\

J

&\ MathWorks
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3. Tune Performance with MPC Designer App

Open from command line <o

MPC DESIGNER TUNING

MPC Controler: m.. ¥ SSTEe dne0 D lﬁ] Robust Closed-1 ? ggressi' LS¢C % Aﬁu
il ol A Constraints Weights Estimation Review  Store Export
I Intemal Plant:m.. ~ Gonteo) horizon: > s Models:v  Slower Shmgm ‘Faster Design Controfler Controer v
>> mpCDeSlgner (mpcl ) [ conTRouss _ovoreon  WCISG  FORVANCETUNNG  AwALSS R 3|
Data Browser ® scenariol: Input Input Weights (dimensionless) % scenariol: Output
purlarits Cha...‘ Type | Weight Rate ... Targetl
mpci_plant W) MV_ 0 01 nomi. |
In| ant) Output Response (against internal plant)
2 100 y
" “ Output Weights (dimensionless) moct] | [ ‘ mpct | J
: Channel | Type | Weight 80 -
y(1) MO 0
é 1 ‘ ¥ MO 1 g ) ]
E 0.5 ECR Weight (dimensionless) 1 : ~
~Controllers 3 et ek o S
. . mpet (currant) 2 - Jl‘ feight on lack varial 100000 ! (% 40
Open with Design button on SEEE | »
05 F \\ ] 20 S
. -1 1 0 ==
ock dialog : i
21.6 | ;
~Scenarios 1757 1 i | | ‘
_ o
Block Parameters: MPC X % g | ‘
. T 17 212 | 4
MPC (mask) (link) o s | \
. ; i = wo g |
The MPC Controller block lets you design and simulate a model predictive 165 { \ \
controller defined in the Model Predictive Control Toolbox. 48 \ ‘
md 20 40 60 80 00 25 20 40 60 80 00
1 1
Parameters Time (seconds) Time (seconds)
MPC Controller |[mpcl Design

22



Compare performance of ACC controller variants

4\ simulation Data Inspector - untitled*

« &)

Q& ®E»

Q 4

Inspect Compare

» Run 6: ACCTestBenchExample (Classic)
relative_distance

v driver_set_veloaty
safe_distance
acceleration

v ego_velocity

» Run 7: ACCTestBenchExample (MPC)
driver_set_veloaty
relative_distance
safe_distance
acceleration

i ego_velocity

21

18

100 ¢

= o@|E|lQQqQ 2 [a-

W driver_set_velocity M ego_velocity M ego_velocity

—

W relative_distance M safe_distance M relative_distance

5

10 15

o N
MPC (purple) enables more
aggressive control of the
- - o s = vehicle than classic PID (red)
- J

W acceleration W acceleraton

4\ MathWorks

acceleration (Run 7: ACCTestBenchExample (MPC))

\

—, PO T

10 15 20 25

30
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ACC and Lane Following Control for Traffic Jam Assist

Automated Driving Toolbox™

R2017b R2018a

Crufse Control Using Senser Fusion Tes! Banch

Sethory arwd Berweat Saveaaton
=F—=
=] pow

]
i

s i S

g i

]

L

-
Sl

Lane Following Control
with Sensor Fusion and
Lane Detection

Adaptive Cruise Control Lane Keeping Assist with
with Sensor Fusion

Lane Detection

ACC Lane Following Traffic Jam Assist

(Longitudinal Control) (Lateral Control) (Longitudinal
+ Lateral Control)
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Code Generation Support

El Code Generation Report — O ped
< o @ Find: | |‘9 v Match Case |
1 /7 ~
Contents 2 // File: LFRefMdL.cpp
3
Summary 4 // Code generated for Simulink model 'LFRefMdl'.
5 /4
Subsystem Report & // Model version p1.621
Traceability Report 7 // Simulink Coder version : 8.14 (R2018a) @6-Feb-2018
. . 8 // C/C++ source code generated on : Tue Apr 17 16:58:59 2018
Static Code Metrics Report 9 s/
Code Replacements Report 1é // Target selection: ert.tlc
11 // Embedded hardware selection: Intel->x86-64 (Windowsé64)
12 // Code generation objectives: Unspecified
Generated Code 13 // Validation result: Not run
(-1 Model files 14 /7
LFRefMd 15 #include "LFRefMdl.h"
Lrnetividl.cpp 16 #include "LFRefMdl_private.h"
LFRefMdl.h 17 #include "qpkwik_YRMETceB.h"
. 18
p . P P .
LFRefMdl_private.h 19 // Named constants for MATLAB Function: '<S6>/optimizer
LFRefMdI_types.h 26 #define LFRefMdl_nu (2.0)
21 #define LFRefMdl_nv (3.9)
[-] Subsystem files 22 #define LFRefMdl ny (4.0)
LFRefMdI|_TrackingandSensor 23
i 24 // Function for MATLAB Function: '<S6>/optimizer’
LFRefMdI_TrackingandSensor 25 real T PathFollowingControllerRefMdlModelClass::LFRefMdl _mod(real T x)
+1 Shared files (37) 26 {
27 real T r;
[+1 SIL/PIL files (36) 28 if ((!rtIsInf(x)) && (!rtIsNaN(x))) {
I |
29 if (x == @.0) { ( (
30 r=0.0; Wy _l'I J"
S Y 4
32 r = std::fmod(x, LFRefMdl_ny);
< > 22 AL fw —— . nah T ~

‘ MathWorks:

Embedded Coder™
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Reinforcement Learning

4\ MathWorks
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What is Reinforcement Learning?

= What is Reinforcement Learning?

— Type of machine learning that trains an
‘agent’ through repeated interactions with an

environment /

= How does it work?

— Through a trial & error process that
maximizes success

Controls

Robotics
« Why should you care about Reinforcement

Learning?

— It enables the use of deep learning for
controls and decision-making applications

Game Play

27



How Does Reinforcement Learning Work?

Fie 4 View bped Tock Deking Window Help
Dgda A 0B &E

STATE {

4\ MathWorks

AGENT ] ACTION
R
REWARD : R R
D QO &R 5
[ENVIRONMENT} E’q R

28
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A Practical Example of Reinforcement Learning
Training a Self-Driving Car

STATE AGENT ACTION - Vehicle’s computer learns how to drive...
(agent)

using sensor readings from LIDAR, cameras,...
(state)

that represent road conditions, vehicle position,...
(environment)

= by generating steering, braking, throttle commands,...
REWARD (action)

to avoid collisions and lane deviation...
(reward).

ENVIRONMENT

The goal of Reinforcement learning is for the agent to find an optimal algorithm for

performing a task
29



4\ MathWorks

Deep Networks are commonly found in the agent, because
they can model complex problems.

AGENT

-.v e Turn left
ﬂ:é"‘  Turn right
% ,/A,:gfzg. * Brake
\“' - « Accelerate

30
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Reinforcement Learning Workflow

Prepare Data

O Data access and
N\ preprocessing

)" Ground truth labeling

Simulink -
generate data for
dynamic systems

(planes, cars,
robots, etc.)

Train Model

Reinforcement learning

ot

om0

o

Training agent to
perform task

Developing reward
system to optimize
performance

Deployment

. Multiplatform code
M) generation (CPU,
" SpU)

/7 Edge deployment

C5C3  Enterprise
Deployment

31



wWhy MATLAB and Simulink for Reinforcement Learning?

Virtual models allow you to simulate conditions
hard to emulate in the real world.

& Wiew bpet Toch  Debop  Window  Help h‘

e
ODOdda A 0B &E

Binary, Occupancy Grid

&\ MathWorks
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Using MATLAB and Simulink for Reinforcement Learning

« Reinforcement learning is a
dynamic process

= Decision making problems
— Financial trading, calibration, etc.

= Controls-based problems

— Lane-keep assist, adaptive cruise
control, robotics, etc.

P ret_helico - Simulink - O X
File Edit View Display Diagram Simulation Analysis Code Tools Help
— . ] = — 2 1223
%o BG-B-@EOP = - 120 -
 helico
® |Pafrct_hel
@ Roll-off fiters
& Plis} —»@—» A
- - s4dl fos
= theta-el Fli rell-if 1
) W 't ‘7‘:3{“5 2= =
N i ) N H NS
E H‘J Plis} + el P - Hl—ﬁi._‘:s." " ﬁ
@ phi-ref PI2 Toll-off 2 Helicopter
N m resparise
D o Plis} m 5 Helicopter
el P13 ‘ tel-olf 3
Sefpoint
commands — v—“m&ﬁrm —
SOF
]
[ ot |
s I " |
»
Ready 84% oded5
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Teach a robot to follow a straight line
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Let’s try to solve this problem the traditional way

Observations

Camera Feature State_ Controller
Data Extraction Estimation

Motor
Commands

Hip joint ———»

Knee joint ————»

Ankle joint 5—» Sensors

Lea & Motor
€9 Motor Commands
Balance Trunk
. . Control
Trajectories
Observations

35



What is the alternative approach?

4\ MathWorks

--------------------------------------------------------------------------------------------------------

3
* -
*

Observations

Camera

Hip joint ———»
Data

Knee joint ————»

Ankle joint 5~ Sensors

Camera
Data

-  Sensors

\_

Black Box
Controller

J

:  Motor
: Commands

.
’’’’’
--------------------------------------------------------------------------------------------------------

Motor
Commands

36



Walking Robot Example

AGENT

T XN

ARG VX
DK AN K
<Q;,0 GEAH
KIOGROZX

State

Reward T

ENVIRONMENT

&\ MathWorks

Reinforcement Learning:
Use past experiences to
maximize expected reward

Action

37



How Is the Agent Trained?

Measured
C . . : Val ,
- Deep Deterministic Policy Gradient (DDPG) alue Q(s,a)

= Can handle continuous action space Loss (error)

Estimated
<~ Value Q(s, a)
AAXLANAD...... <O >
XGOS
S > OO -
tate s W‘\( /,&\. Action a
Backpropagation € TOC CRITIC
ACTOR Estimates value of current policy

Decides which action to take

&\ MathWorks'
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Steps in the Reinforcement Learning Workflow

Environment Reward Policy Agent

4\ MathWorks
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Key Takeaways

Reinforcement learning can solve complicated (control) problems.

- Reinforcement learning can use neural networks to handle
continuous or high-dimensional state and action spaces.

= Choosing good states, actions, and reward functions is extremely important!

= Reinforcement learning requires a lot of simulation data.

- DDPG is a high variance algorithm.
Run several times and validate results!

40



Train reinforcement learning networks for ADAS controllers

Train Deep Deterministic Policy

Gradient (DDPG) Agent for
Adaptive Cruise Control

= Create environment interface
= Create agent

= Train agent

= Simulate trained agent

Reinforcement Learning Toolbox™

2019

4\ Reinforcement Learning Episocde Manager

Episode Reward

Episode Reward for IACCMdI with rIDDPGAgent

Training Progress ( 07-Jan-2019 12:19:41)

Episcde Information

Episode Number 189
Episode Reward -T8.7726
Episode Steps 600

Episode Q0 -39.4411

Total Number of Steps 111086

Average Results
Average Reward -252 5519
Average Steps 600
Window Length for Averaging 5

Training Options
Hardware Resources for Actor and Critic
Learn Rates for Actor and Critic  0.0001
Maximum Mumber of Episodes 5000

CPU CPU
0.001

500
—=— EpisodeReward
—*— AverageReward
0 — * — EpisodeQ0
W\M‘& ¥
000 f |+
|
|
1500 ’||"
2000 %
-2500 ii
-3000 H
-3500 H
o
-4000 : : ;
0 20 40 80

iitve Cruise Control (ACC

intiad vaocity

Toad Car

()

acos
Signal Procassing for ACG

-—b-\ﬂ_egu It velocity
Ego Car

4\ MathWorks
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https://www.mathworks.com/help/reinforcement-learning/ug/train-ddpg-agent-for-adaptive-cruise-control.html

