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Data & features

4 )

Waste

¢

Biomass
MSW

\Agricultural residuesj

(Gasifier Properties\

B

Scale | Reactor type
Bed material

f Waste analysis

&

C|H | Ash
Volatiles | Moisture

\_ J

Partnershlp )

~

.

4 Target A
@
H2

- /

(G

asifier conditions

5

Temperature | ER
Gasifying agent

Catalyst presence
\_aastp Y,

4 )

Dataset size

>1000 rows
8 numerical features

\_ 5 discrete featuresj

V



Y
Waste 1“\,,/.‘;
il
i
Nite
)

Gasifier

v

a‘

A\'lk

VY
é

Y
"\

v’?
0
) i

OH,
(O or T
=\
O
\ m 6512 | »
y O0ER

Physics Informed Network

<+«— ss07 |eaisAyd

1 & 89
. — Y ReLU ([ m; ==
=1 P N 1=1 B
E‘l;g ./:' tno .
Data loss Monotonicity constraint

Methodology

Artificial Neural Network

N,

hyield

\_

/~ Monotonicity )

ERt—> H_t
MCt— H_t

J

RelLU(x)

RelLU function




Results

Classic NN R?=0.91 MSE: 3.3-10°3 PINN R?=0.96 MSE: 1.1-10°3
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Conclusions

Embedding monotonicity constraints improves generalization and
robustness.

PINN delivers more reliable predictions than standard NN.

PINNs are a promising path toward efficient green H, production.
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