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Motivation

Farming activities

R&D expenses on control/
navigation of mobile
robots are increasing

Mobile robots are more and

more present in our life and

they become more and more
intelligent
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Robot Modeling
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The linearized model 1s not controllable, because
the rank of the controllability matrix 1s less than
the number of states
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I ntroduction

Model predictive control (MPC)

MPC design consists 1n
applying the action that
maximizes the achievement of
some objective based on a
dynamic model and the current
available measurements.

Online optimization technique,
can handle non-linear
dynamics, MIMO systems,
inputs and states constraints.
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M P C

Problem formulation

OCP to noplinear In(x0,u) = Y V(x(k),u(k)) + W(x(N))
programming problem  :

using multiple
shooting

Running
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Experimental platform
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M P C Results

Point stabilization with static
obstacles avoidance




Error [m,m,rad]

Point stabilization with static
obstacles avoidance
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MPC Results LAGE

Point stabilization with static
obstacles avoidance
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M P C Results

Point stabilization with dynamic

obstacles avoidance
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M P C R esults

LAGEP

Point stabilization with dynamic
obstacles avoidance

2 . Goal | . Goal |
1 .5 051 05
E | @ E | @
1 > > o
-0.5 -0.5
- e
© Start Start
© 0.5 4l 4l
= 1 95 0o 05 1 1 95 0o 05 1
c 0 i X [m] X [m]
o i Robot Trajectory at t = 30secs Robot Trajectory att = 60secs
= -05¢+ .l I' 7 .| | | | | Géal_ .| | | | | I‘I_
LLI 'r“’.|/—-.—w ----- -’ y " 1
J ’
-1+ i \romm oot . 05 . 05
j E . ! E . @
15! - > >
-0.5 -0.5
_2 | - Start Start
| | | | | T T
0 10 20 30 40 50 60 -1 -0.5 0 0.5 1 -0.5 0 0.5 1

States Error Trajectory

] Robot Trajectory at t = 0secs Robot Trajectory at t = 20secs

Time [s]

X [m]

X [m]



12

0.1

0.05

v [m/s]

-0.05

M P C R esults

Comparison of Linear speeds
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LAGEP”

Pursuit-evasion games

Extending the point-stabilization problem to dynamic target controlled with
contlicting objective: Pursuit-evasion game

A
P I aye rS Y-axis

» Pursuer: to catch the evader.
» Evader: to escape from the hetacle
bstacle evader
pursuer. °

Performance — capture time. . . ’
Capture condition: R.D <1 ?

pursuer

R.D = \/(zp — )2 + (4p — e)? ‘ .

=R, + R. .

obstacle
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Pursuit-evasion games

Pursuer solves minimization problem and Evader solves maximization problem

N—-1
pursuer mui]lonJ = |[xp(N) = x|l + D lIxp(k) —xe|1f + |lup(k)||R
k=0
subject to:

Xp(k+ 1) = fp(xp(k),up(k)), £=0,1,.N—1

\/(xp(k) _ xobs(k))Z - (yp(k) — Yobs (k))Q 2 (Robs + RP)

xpmin S Xp(k) S Xpma,a:; upm’in S up(k) S upma:c

N—1
ma}(J:)ce]\f—)c2 -+ xek—x2+uek2
] = [xe (V) =%l + 3 Ihe(h) = 20 + Ilue (b -

subject to:

xe(k +1) = fo(xe(k),ue(k)), k=0,1,.N —1

\/(QZ‘G(IQ) o wobs(k))Q T (ye(k) — Yobs (k.))Z > (Robs - Re)
Xemz’n S Xe(k) S Xemax uemin < ue(k) S Ue,, qx
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P E G M P C R e sults

Pursuit-evasion games
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A nother approach

Reinforcement Learning

Agent senses 1ts
environmental state and takes
actions according to a policy
that 1s optimized through
learning to maximize future
rewards
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A nother approach

LAGEP

Twin delayed deep deterministic

network

Every training episode has a maximum
number of steps, that i1t reached, the
evader wins the game. The pursuer wins
only when 1t catches the evader before
the end of the episode.

e (Consider only the last 200 episodes

e The number of steps must be above
400, equivalent to 40 seconds

 Take the agent with the highest score

 Additional check of the validity of the
episode

Algorithm 1: TD3

Initialize pursuer networks 1y, Qg and 9, with random parameters ¢, 6, 6,
Initialize pursuer target networks ¢’ « ¢, 0; « 6,60, « 6,
Initialize pursuer Replay Bufter B
fort=1to T do
Select action with exploration noise a~mg, + €,

e ~ N(0,0) and observe reward r and new state s’
Execute actions and observe rewards r and new state s’
Store transition tuple (s,a,r,s’) in B

Sample mini batch of N transitions (s, a,r,s") from B

i « n('P,(S’) + €, , where € ~ clip(IV(0,8),—c,c)

yer+ yming=; QIG{ (s',a@)
Update critics 8; < argming, N~ Y,(y — Qg (s, a))?

if 7 mod d then
Update ¢ by deterministic policy gradient:
V¢](¢) = N7} VaQo,(s,a) | 4= n¢(s)v¢n¢(s)
Update target Networks
0, « 10; + (1 —1)6;
¢« o+ (1-1)¢

end if

end for
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G a m e f or mul ation

Some notations

Every training episode has a maximum
number of steps, that i1t reached, the
evader wins the game. The pursuer wins
only when 1t catches the evader before
the end of the episode.

e At each step k we measure the
Euclidian distance D between the
centers of the two robots

 Both agents have the same maximum
steering velocity wmax , meaning that

no robot have an agility advantage

LAGEP

Game area

y L
0,00 X
Vp

Py op=90°

(-2: -8; 90°)

~
@_,v@

(6,-6,0)
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G a m e f ormul ation | A( il P

Observations, actions and
transitions

Game area

Normalized observation that serves as input to the !
neural net and saved 1n the replay buffer

® x}(yk) yz()k) e§k>mod o & yék) 6% moa 2n)
A A A 2T S A A 2T

Y
. | 2L
Actions:

: . . : (0;0) X
e [inear velocities remain constant

e [-1, 1], which is multiplied by the maximum N f - E\ .

steering velocity wmax
(6,-6,0)
" 22 -8; 90°
Transitions: ( /

xl.(kﬂ) = xl.(k) + T. vl.(k). cosHl.(k) !

yi(kﬂ) = yi(k) + T. {9 sin@i(k)

l

k+1 k k
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G a m e f or mul ation

Reward function

11 = AD * g = (D — Dy41) * g

The pursuer receives the reward rl1, which, when

positive, means that the pursuer i1s closing the
gap. On the other hand, the evader receives a
reward of -rl, which, when positive, means that

the evader 1s distancing the pursuer

Outcome reward

+1000, if D < Dcgpture
r, =4 —1000, if step = 1000
0, else

LAGEP

3 = —10

Failure penalty

—2000, if |x;|=L—2Rypp0r |yi| =L —2R,0p
Ty = —10, if |x;|=L—2R,op —b or |y;| =L —2R,pp — b
0, if |x;|<L—2R,,, —band |y;| <L—2R,,, — b
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Training

Parameters

Parameter

Description

Parameter

LAGEP”

Discount factor vy 0.99

Soft update factor t 0.005

Target policy noise ¢ 0.2

Policy noise clipping ¢ 0.5

Actor update delay d 2

Actor layers sizes 256, 256, 1]
Actor activation Relu, Relu, tanh
Critic layers sizes 256, 256, 1]
Critic activation Relu, Relu, None]

State dimension 6

Action dimension | |

M 10000 Training episodes

P 1000 Steps per episode

\W4 10000 Warmup steps

X, (-2,-8, w/2) Pursuer 1nitial conditions
Xe (6,-6, 0) Evader 1nitial conditions

L 10 m Game area length/2

b 0.4 Buffer zone width

W ax nt/3 (rad/s) Maximum steering velocity
v, 0.5 m/s Pursuer maximum velocity
V, 0.48 m/s Evader maximum velocity
Rrob 0.1 m Robot radius

T 0.1 Sampling time

D capture 0.3 m Capturing distance

Y 1000 Reward scaling factor
noise u=0,c=0.1 | Random noise of 3™ scenario

Learning rate for actor 0.0003
Learning rate for critic 0.0003
Optimizer Adam
Replay memory size B 1000000
Minibatch size 256
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Training

Evolution
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T D 3 R e sults

Self play

Pursuer does not follow the exact
path of the evader, but rather
follows a trajectory that traps the
evader into the corner in order to
close the gap
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LAGEP®

Selt-play scenario with a buffer

(a) Trajectories (b) Distance = f(t)
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T D 3 R e sults

Selt-play scenario with noise

Histograms are more dispersed
while more extreme actions are

taken by both agents

Capture time 1s slightly higher than
the self-play capture time
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Outlooks

 Enhancing computational efficiency

e Use the approach developed in the
internship of Sander Miller Murphy
e using LIDAR with no motion capture

system
e Safety with CBF

e Apply to other mobile robots like
Turtlebot4

e Incorporating multi-agent interactions

T
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A nother approach

Reinforcement Learning

Markov decision process (MDP) framework to define the
interaction between a learning agent and the environment

Qn(s: a) — Qn—l(sr Cl) + (1(7’ + Y MdXg, Qn—l(sl' Cl,) o Qn—l(s: a))

I
I . ,
| State s
I
|

Action a
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Reward r

Action a’

Critic

Network 2

Critic

Network 1

Twin delayed deep deterministic network

e Clipped double Q-learning to reduce value overestimation

 Aciona |

Actor
Network

[ State s }

Target
Critic 1

Target

Critic 2

Environment

| 5 * Delay the update of the actor and target networks by performing it every d steps.
' e Target Policy Smoothing Regularization, by adding noise to the input of the target critic network,
in order to better estimate the Q value.
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