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Static environments Dynamic environments V Benefits of dynamic control in industry
*r—o——o———9 + Adaptability
—o— oo + Efficiency
+ Performance
o——~o—o0—20
¢ Stability predictability ® Technological ! Slower adoption in traditional industries
advancements X : :
¢ Limited complexity Integration complexity
® Increased data X o
® Traditional control availability Safety and reliability
* Market demands X Costs

eurecat ® Dynamic control SO SMART
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) Control parameters
Hot Metal Forming -

« Forming time: for each cycle

Press Hardening (Hot Stamping)

» Resting time: for each cycle

® - 1 . . .
Thermo-mechanical sheet Objective of dynamic control

deformation-based process

» Improve operational efficiency: Optimize

the total time of a batch production

® Complex shapes and high strength

* Automotive industry » Guarantee quality: parts <160°C

Press hardening direct method

process phases: PRESS DIE

) PRESS DIE Resting time 5-15s

Blank Sheet FURNACE Sheet 680 - 880 C
I 900 — 950 °C ] [ ] S|
o P | Formingtime5-15s | g Part 60 — 280 °C
INSERTION HEATING TRANSFER Die 14.5-150 °C Quality part < 160 °C
el.ll’ecat FORMING RESTING 2:a SMART
[

& QUENCHING
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What is Reinforcement Learning? _
* Continuous control

AGENT |« _
n(s)=a |« « Autonomous learning
a It| S . . .
t I « Long-term decision making
process setpoints process KPIs e
— ™ INDUSTRIAL [ __ > .
process parameters next process parameters | L H n n rtain
g ot | andle uncertainty
—> T
ENVIRONMENT |
Problem modeling ]
Challenges of Reinforcement Learning in the industry
* Slow training /P[Environment for training]
« Exploration limited Challenges of RL
_ in the Industry
* Safety constraints \->[Training and Validation]

* Cost of failures and non-optimal actions

Nievas, N., Pagés-Bernaus, A., Bonada, F., Echeverria, L., & Domingo, X. (2024). Reinforcement Deployment ] o
eureca Learning for Autonomous Process Control in Industry 4.0: Advantages and Challenges. Applied ‘es S M ART
P Artificial Intelligence, 38(1), 2383101.
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Control Dslﬁne e Simulator ay Va_IldaIttioihe
problem proserrasan available? Samaiatony
surrogate models

A

Process simulator Collect data and

train surrogate

Control solution

) Evaluate the
{§] Train the control —=  control model
model i

offline

. . Successful
\/ FaSt tl‘almng results?

v Unrestricted exploration

Real-world
validation

v No safety constraints

Conduct online

test
v" No cost of failures

v

I Sim2real gap

Adapt the
simulator/ |-&
surrogate models

Models refinement

YES

Deploy the
control model

Control
solution

eureCat Nievas, N., Pages-Bernaus, A., Abio, A., Lange, D., Garcia-Llamas, E., Grané, M
)

..... & Bonada, F. (2024).
A scalable Deep Q-Learning approach for hot stamping process under dynamic control
environment. International Journal of Production Research, 1-22.
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Results of training with a surrogate model of the hot stamping process

« Dynamics of the environment

Production of a batch of 50 parts —— Sheet (°C) :G;gg
comparing static versus dynamic —— Static 1'5'720
approach — Dynamic @ 705

---- 160 (°C) » 690

: : . : 0 10 20 30 40 50
« Controlled variables: forming and resting times Cycle

0 “15
2 14 2 12 M f The dynamic
=12 = 9 approach.
@ g . reduces times
G 10 53
© o 10 20 30 40 50 0 10 20 30 40 50
« Final part’s quality Cycle Cycle
160 —---=--ms oo m oo
O 140

maintains quality

& 80
eureca! 0 10 20 30 40 50 1o SMART

Cycle

<120 :
£ 100 W The dynamic approach
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