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Digital Platform

Core Mission: The Digital Platform (DP) is
the cornerstone designed to optimize
manufacturing processes, ensuring product
quality, process interoperability, and
seamless information flow across the
value chain.

Target Industries: Construction, Medical,
and Packaging.

Key Capability: Serves as an end-to-end
digital system supporting the production of
flexible, high-performance biobased end-
products.

Implementation Component
Keycloak + OAuth2Proxy

File Manager + MinlO (Hashing)
MQTT Protocol

MinlO Distributed Storage
Docker Containerization

Open Standards (JSON/XML)
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A containerized, microservices-based architecture
designed for scalability and security
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Hybrid Twins

1 - What is a digital twin ?

 Modelization of a process, product, infrastructure ( Statistical, physical simulation,...)
* Useful for maintenance prediction, process optimization, traceability

Manufacturing Process

Inputs Result




Hybrid Twins

2 - What is it Hybrid in this situation?

Manufacturing Process

Inputs Result

o Production
Characterization
Data

Creation of the DT




Hybrid Twins

3 —How is it inserted in the Bio-Uptake Project?

* Infrastructure for future production projects (applicable to other industries).
* Used directly in Decision Support System for Product Design.

e Using Finished Element Method Simulations, validation of part design and production
feasibility.



Hybrid Twins
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Hybrid Twins

Optimisation parameters for production Trials
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Decision Support System
for Product
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Decision Support System for Product Design

What is the decision support system

How is the decision support created

How is it relevant in the overall bio-
uptake project




Decision Support System for Product Design

1 - What is the decision support system

 Python Application with Web API for UI.
 Powered by Deep Learning and FEM Simulation
* Created to help Project managers for product design and new material use.
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Decision Support System for Product Design

2 - How is the decision support created Model definition and benchmark




Decision Support System for Product Design

2 - How is the decision support created

Experimental matrix Pre aratuon of test specimen on the press

Experimental design matrix
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Decision Support System for Product Design

2 - How is the decision support created
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Decision Support System for Product Design

3 - How is it relevant in the overall bio-uptake project :

/° It enables to test different geometries before touch-ups in A
the production tools:
- ribs,
- thickness change, e . ~N
O different production strategies | * Less needs for mould trials:
- Time gains
e Use of new materials : \_____ Material gains Y,

- Once characterized, any material
processed can be estimated
beforehand



Decision Support System
for Manufacturing

18



Decision Support System for Manufacturing

Objectives

Use process parameters to
predict probability of defect

Faster understanding of
process: identify which
variables increase defect risk

Data-driven recalibration
decisions, expert-controlled

Model Prediction

| @ ANOMALOUS
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Decision Support System for Manufacturing
Step 1 — Data analytics

Al learns from:

Rule: We need many
more production
runs than variables.

How to address data
limitation

<

<

f

(f

eProcess variables (temperature, pressure...)
eProduction runs with quality result (defect / no defect)

e|f not > the model memorizes the past
o|f yes - the model learns and predicts future production

eFeature engineering: combine or summarize variables to reduce
complexity
ee.g. speedl, speed2 > mean speed
ee.g. target temperature, measured temperature > deviation

eData augmentation: advanced Al models to generate additional
data that is statistically similar to real production.

Scaling $

Feature
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Creation‘@~
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Decision Support System for Manufacturing

Step 2 — Al model selection

Several model families tested + iﬁinchmark Models?lz *e
Po. Metrics |
1. Compare different models | = U' ccuracy [

M—g
There is no universal Al model. Each model makes different assumptions about

the process. We look at the same process through different “lenses”.
e Linear models - risk of defect = higher pressure
* Tree-based models - defect risk = high pressure + low humidity, or
high temperature and low fibers %
* Neural networks - defect risk = complex interaction of variables

2. Best model = the one that generalizes betters: cross-validation.

 Train using all samples except one. B pp——
° i _ Il EEEEEEEEEEN

Test on the single left oujc sample B
* Repeat for every data point e L L[]

-AlNEEEEEEEEEEEs

Training Tast
Data Data

» FEach data can represent “unseen data”



Decision Support System for Manufacturing

Step 3 — Prediction results

Process
parameters

Al model

Defect Prediction

nnnnnnnnnnnn

Model Prediction
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Decision Support System for Manufacturing

Step 4.1 - Confidence-driven decision making

Which parameters drive the defect

* Not black-box model
* Measure how much the prediction
changes when a variable changes
* Quantifies which variables are the most
important in the model decision
* E.g
* Humidity has strong influence on
defect probability.
* Less humidity - lower predicted
defect risk

0.94 = params_material_humidity
15 = params_material_time
30 = profile_speed_mean

150 = load_speed_rpm

200 = params_material_temperature

0 = spindle_noozle_error

30 = fibers_percentage

45 = process_total_cooling_time
85 = process_total_cicle_time
—0.1 = spindle_z4_error

0 = spindle_z3_error

—2.1 = spindle_hopper_error

14 other features
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Decision Support System for Manufacturing

Step 4.2 - Confidence-driven decision making

Recalibration Recommendations

* Some variables are important for prediction but
cannot be adjusted in the plant (e.g. humidity =
predictive but not recalibrable)

* Recalibration model is limited to what we can
control.

* The model proposes 3 safe recalibration scenarios.

Each one shows a parameter change that shift
prediction from defective to acceptable.

* The Al assists, but final decision always stays with
the expert!

Ml Generated 3 recommendations

b Recommendation #1

» Recommendation #2

* || Recommendation #3

2+ Process Parameters

¢ Compaction Pressure 1 1 -4.0%

Current Value Suggested Value

15.00 14.40
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Digital Thread



DEMO



Digital Tools for Efficient Biomaterials Design & Manufacturing -
FAQ
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