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ABSTRACT

The reliable identification of feasible and optimal operating conditions is a key challenge in the
design and optimization of thermochemical conversion processes, where kinetics, limited data
availability, and strict physical constraints coexist. In this work, a novel data-driven strategy based
on Physics-Informed Neural Networks (PINNSs) is proposed to explore the operability space of a
bubbling fluidized bed (BFB) plastic pyrolysis process. The approach integrates mechanistic
knowledge through explicit mass balance constraints with data-driven learning, enabling accurate
prediction of and feasibility boundaries. An adaptive sampling framework is employed to iteratively
augment the training dataset. The trained PINN surrogate is then used to predict feasible regions
and perform constrained optimization aimed at minimizing tar production, which is one of the most
problematic byproducts in plastic pyrolysis processes. Beyond classical optimality, a robustness-
oriented uncertainty quantification methodology is introduced, combining local perturbations with
feasibility filtering to assess the reliability of the optimal solution. Quantitative robustness metrics,
including relative objective uncertainty, feasibility retention ratio, and an overall robustness index,
are introduced and used to track convergence and select the most reliable operating point. Results
show that the proposed framework efficiently converges to accurate feasibility regions and iden-
tifies operating conditions that balance optimal performance with robustness against uncertainty.
This work provides a methodology for physics-driven process optimization and operability analy-
sis, with potential applicability to a wide range of complex energy and chemical systems.
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INTRODUCTION

The rampant surge in plastic waste generation and
lack of sustainable management practises have posed a
substantial threat to the ecosystem and human health in
the last two decades [1], and plastic waste production is
projected to triple by 2050 reaching 1, 200 million metric
tons [2]. Chemical recycling through advanced thermo-
chemical technologies (ATTs), such as pyrolysis [3, 4],
represent a promising pathway to tackle the plastic
waste issue, allowing us to produce a broad spectrum of
chemical feedstock for the manufacturing sector [5] and
promoting the transition to a true circular economy [6, 7].
Plastics pyrolysis involves feedstock thermal decompo-
sition at temperatures in the range of approximately 400
https://doi.org/10.69997/sct.118825
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- 800 °C and in complete absence of oxidizing agents.
This process promotes the formation of both gas and lig-
uid products, whose relative amount depends on the re-
actor operating conditions. The pyrolysis gas is mainly
composed of hydrogen and light hydrocarbons. After
cleaning and refining, this gas can be used as chemical
feedstock by the manufacturing industry. The liquid
product, also known as pyrolysis oil, can be upgraded
and used to produce olefins, paraffins and substitute
fuels. To achieve these results, bubbling fluidized bed re-
actors (BFBR) are among the best reactor design for
ATTs, due to their favourable operating flexibility, and
enhanced heat and mass transfer [8]. However, when
processing plastic waste, they are subject to hydrody-
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namic instabilities due to the plastic melting and un-
wanted byproducts formation, such as tar and waxes,
that can lead to products quality deviations and even
early plant shutdown if not properly monitored during op-
eration. This challenge raises the urgency of developing
reliable modelling approaches to control BFBR for chem-
ical recycling, de-risking their implementation at indus-
trial scale and improving their performance. While phys-
ics-based or mechanistic models are successfully used
in the design stage of industrial chemical reactors, their
integration for predicting product quality and controlling
operations comes at significant computing costs. The op-
posite approach involves using fully data-driven models,
which can ultimately lead to similar issues as they com-
pletely lack physical understanding of the process. This
work proposes a combination of established process-
specific semi-empirical approaches and physics-in-
formed machine learning algorithms to optimize BFBR for
chemical recycling of plastic waste. The objective of this
work is to find the optimal operating conditions that min-
imize the yield of tar produced during pyrolysis and elu-
cidate design space trade-offs [9, 10, 11].

A mechanistic model of a fluidized bed reactor for
plastic waste pyrolysis is employed, based on kinetics
semi-empirical correlations obtained from the literature
[12]. This model predicts the yield of the main pyrolysis
products, including volatile matter, tar and char, which
represent unreacted carbon. Although this model is rela-
tively simple, in general directly embedding pure mecha-
nistic models within an optimisation framework is compu-
tationally prohibiting and this motivates the use of surro-
gate models [13, 14]. Using adaptive sampling, we de-
velop a Physics-Informed Neural Network (PINN) as a
surrogate [15, 16], by minimizing simultaneously data loss
and physics loss. In this work, the physics loss enforces
the conservation of mass between inlet and outlet of the
BFBR. The use of neural networks for feasible region
identification has already been proven successful, as
highlighted by Metta et al. (2020) [17]. Finally, we use the
trained PINN within an optimization framework to quan-
tify maximum operability limits [18] and identify the opti-
mal operating conditions that minimize the tar yield.

METHODOLOGY

Mechanistic model of plastic pyrolysis in BFB

A mechanistic model M for plastic pyrolysis in a
bubbling fluidized bed reactor is employed to describe
the relationship between reactor operating conditions
and product yields. The model is based on semi-empirical
correlations obtained by Vitale et. al (2024) [12], captur-
ing the dependence of temperature on the yield of vola-
tiles, tar and char during pyrolysis of polypropylene, as
follows:
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y(F,T)=AT + B (1)

Where y is the vector of volatiles, tar and char mass
flow rates ri1, and the hydrogen-to-methane mass ratio h
in the pyrolysis gas (H2/CHa), while A and B are vectors
of coefficients obtained from experimental data fitting.
The parameter h is a key indicator of gas quality and it is
considered in this work as one of the criteria to determine
the feasible operability region.

Although the mechanistic model employed in this
work consists of linear semi-empirical correlations that
are computationally inexpensive, the primary objective of
this study is to develop a general algorithmic strategy for
feasibility discovery through adaptive sampling and ro-
bustness-driven design using PINN.

The reactor system inputs are the plastic feed flow
rate F and operating temperature T, which also constitute
the decision variables of the optimization problem. The
BFB is considered to operate with nitrogen at twice the
minimum fluidization condition. The set of operating con-
ditions D of the BFB is given by the temperature range of
650 - 850 °C and the plastic feed mass flow rate range
of 20 - 30 kg/h. The temperature limits are chosen in or-
der to remain consistent with the experimental conditions
used by the authors, while the flow rates are chosen to
vary in a reasonable range for medium size BFB pyroliz-
ers.

PINN surrogate model

A PINN is developed to act as a surrogate for the
mechanistic BFB model. The PINN maps the reactor in-
puts F and T to the vector of outputs including volatiles,
tar and char mass flow rates, and H2/CHa. The neural net-
work consists of a fully connected feedforward architec-
ture with 1 hidden layer of 20 neurons and hyperbolic tan-
gent activation functions. Several authors observed that
a single hidden layer is a good function approximator,
provided sufficient number of hidden neurons [17]. The
PINN is trained by minimizing a composite loss function
including three contributions, as shown in the equation
below: a data loss term, a physics loss term, and an L2
regularization term to avoid overfitting. The loss terms
are calculated using a MSE metric.

£(6) = %Z]i\;”ﬁi =il + %Z]i\il";ﬁout,i - Fz" + 12 2, Ok
(2)

Where N are the collocation points in the domain, J is the
PINN prediction, y is the output of the mechanistic model,
A, is the regularization weight, 6, is the k' trainable pa-
rameter of the PINN, and r1,,, and F are the overall mass
flowrates at outlet and inlet of the BFB, respectively.
The physics loss enforces mass conservation by
constraining the predicted outlet flow rate to match the
inlet feed flow rate in real physical units. This constraint
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embeds first-principles knowledge into the learning pro-
cess and improves extrapolation behavior in sparsely
sampled regions of the operating space. Input and output
variables are standardized prior to training to ensure nu-
merical stability.

PINN-driven feasibility analysis

An initial training dataset of 100 points is generated
using Latin Hypercube Sampling (LHS) over the prede-
fined set of operating conditions for feed flow rate and
reactor temperature. The corresponding mechanistic
model outputs are used to initialize the PINN training.
This initial step is summarized by the following equations:

{x}N° ~LHS(D) (3)
i =M(x;) (4)

To progressively improve surrogate accuracy in re-
gions of interest, an adaptive sampling strategy is em-
ployed. At each adaptive iteration, the PINN is retrained
using all available data, after which a dense pool of can-
didate points is generated within the operating condi-
tions set using LHS. An acquisition function is defined and
evaluated on this pool to identify new informative sam-
ples. The acquisition is chosen to encourage the PINN to
learn regions with high physics residuals, where the sur-
rogate violates mass conservation. The candidate point
maximizing this acquisition function is selected, the cor-
responding output is evaluated using the mechanistic
model and added to the training dataset. This approach
encourages the PINN to learn regions of the space ac-
cording to physics constrains. This is the main novelty
aspect of the methodology developed in this work. The
adaptive sampling algorithm at each iteration can be
summarized by the following steps:

1. Train PINN

6=arg mein £(6) (5)
2. Generate a dense pool of candidate points
- Ve
&))" ~LHS(D) (6)
3. Evaluate surrogate and physics residual
= |r<"\lout(jj) - FJ' (7)
4. Evaluate acquisition function

. (8)

max(r)

a(x;) =
5. Select new sample

Xnew = arg max a(x;) (9)
j

6. Update training dataset
Dy =D U {xnew9M(xnew)} (10)
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Subsequently, the process feasibility region is de-
termined through a combination of physics and opera-
tional constraints, as follows:

(m

Q:{(F,T)ei)}h hT)<e }

min < H(F9 T) < h’max

The physics residual associated with mass conser-
vation must remain below a prescribed tolerance. More-
over, the Hz/CH4 is constrained to lie within a specified
range, reflecting pyrolysis gas requirements for down-
stream utilization. The values of ¢, h,,;, and h,,,, used to
run the algorithm in this work are 1e-2, 0.4 and 0.6, re-
spectively.

Optimization and sensitivity analysis

The trained PINN surrogate is embedded within a
constrained optimization framework to identify operating
conditions that minimize tar production while satisfying
feasibility constraints. The optimal operating point is se-
lected as the feasible point with minimum tar within the
feasible region, as follows:

Xt =arg (F}:’%ZQ Myar(X) (12)

To quantify local uncertainty, a local perturbation
analysis is performed on the optimum point. The pertur-
bations were generated at each adaptive iteration from a
normal distribution with zero mean, as follows:

8,~N'(0,0) (13)

X5 =x* + 6, (14)

Where x; is the p™ perturbated optimum point. Each
perturbated sample is evaluated using the PINN and it is
retained if satisfies the same feasibility constraints
shown in Eq. 11. If Ns and N, are the number of pertur-
bated samples and feasible perturbated samples for the
tar mass flow rate, respectively, it is possible to define
the following metrics:

FRR = Neo (15)
Ns
Afyar

Otar = r?:tnt . (16)

Where FRR is the feasibility retention ratio, g4, is the
relative uncertainty of the optimal tar value, and A,
and i, = are the 95% confidence interval (Cl) for the
outlet tar mass flow rate and the optimum tar mass flow
rate, respectively. A high value of FRR indicates that small
perturbations around the optimum remain feasible with
high probability, while o,,, captures the sensitivity of the
objective value to local perturbations around the opti-
mum. Finally, an overall robustness index can be calcu-
lated as:

RI = (1 -0,,) FRR (17)
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This metric simultaneously rewards small tar uncertainty
and high retention of feasible perturbations. The best
feasibility region and optimum are chosen to be those
with the highest value of RI.

A block diagram of the entire algorithm is shown in
Figure 1.

Initial sampling
LHS

|

Train PINN
surrogate

'

Sample Nc candidate points
and evaluate PINN

Y

MaxIimize acquisition
to find a new sample

¢ Current dataset

Use current PINN surrogate Yy

hidden layers

Nneurons Number of PINN 20
hidden neurons

n Learning rate for Te-3
Adam optimizer

Nepochs Number of PINN 7000
training epochs

€ Mass balance re- Te-2
sidual tolerance

hmin, Nmax Bounds of H2/CH4 0.4-0.6
ratio

Ns Number of pertur- 5000
bations per iteration

c Standard deviation 0.3

for perturbation

RESULTS AND DISCUSSION

Feasible region identification and optimum

to predict feasible region

!

Find optimum within
the current feasible region

'

Evaluate robustness
of the current optimum

¥

No

Iter = [termay

Yes

End adaptive sampling

Figure 1. Adaptive sampling algorithm.

Table 1 presents the values of relevant parameters

used to run the algorithm.

Table 1: Parameters used in this study.

Parameter Description Value/Name

Frmin, Fmax Bounds of plastic 20 - 30 kg/h
mass feed flow rate

Tmin, Tmax Bounds of BFBtem- 650 - 850 kg/h
perature

No Number of initial 100
design points (LHS)

Nc Number of samples 5000
in the dense pool of
candidate points
(LHS)

iter Maximum number 200
of adaptive sam-
pling iterations

Niayers Number of PINN 1
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Figure 2 compares the feasible operating regions
and tar flow rate iso-contours obtained at two different
stages of the adaptive sampling procedure: the last iter-
ation (200 adaptive points) and the iteration correspond-
ing to the maximum robustness index (191 adaptive
points).
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Figure 2. Feasible operating region with tar iso-contours
and optimal point after 200 (A) and 191 adaptive samples
(B).
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Although both feasibility regions are obtained using
the same PINN architecture and feasibility criteria, they
reveal fundamentally different behaviors in terms of op-
erability structure, and optimum point location. At the last
iteration (Figure 2-A, iter = 200), the feasible region ap-
pears more fragmented, with greater disconnected ar-
eas. The shaded feasibility domain is narrow in the tem-
perature direction. In contrast, at the robustness-optimal
iteration (Figure 2-B, iter = 191), the feasible region
shows smaller disconnected area at low feed flowrate
values when compared with Figure 2-A. The smoother
and more compact geometry suggests that the PINN has
captured the feasibility constraints more consistently, re-
sulting in a better-defined operating window. A key dif-
ference between the two figures lies in the location of the
optimal operating point relative to the feasible region. In
Figure 2-A, the optimal point lies very close to the feasi-
bility boundary, particularly near the lower temperature
and feed flow rate limits. In this case, even small uncer-
tainties in the model predictions or minor disturbances in
operating conditions could lead to constraint violation.
However, in Figure 2-B, the optimal point is located far-
ther from the boundary of the feasible region. This inte-
rior positioning provides a substantial operability margin,
making the solution more resilient to uncertainty in pro-
cess operation.

Perturbation and robustness analysis

Table 2 compares the robustness index RI and opti-
mum for the two different adaptive sample numbers (191
and 200).

Table 2. Optimal solution and RI at the two iterations in-
vestigated.

Iteration RI Optimal values

F* =2293kg/h
T* = 777.14 °C
My = 7.37kg/h
h* = 0.545
r=296e -3
F* =20.10 kg/h
T* = 704.75 °C
My = 6.17 kg/h
h* = 0.437
r=313¢ -3

191 0.538

200 0.157

The discussion in the previous section agrees with
the values obtained for the RI. The robustness index in-
tegrates objective certainty and feasibility retention into
a single metric, and its values are 0.157 and 0.538 at it-
eration 200 and 191, respectively. Figure 3 compares the
uncertainty boundaries obtained by perturbing the opti-
mal operating point identified at the iteration with the
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highest robustness index and at the final adaptive itera-
tion. Each one represents feasible operating points gen-
erated by local perturbations around the nominal opti-
mum and filtered by feasibility constraints as explained in
the Methodology section, providing a direct visualization
of local operability robustness.
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@ Optimal point

200 205 21.0 215 220 225 230 235 240
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@ Optimal point
800 4
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Figure 3. Optimum and feasible perturbed points after
200 (A) and 191 adaptive samples (B).

For the best-robustness iteration (Figure 3-B), fea-
sible perturbations are more densely distributed around
the optimum, indicating that small variations in feed rate
and temperature may not readily violate feasibility con-
straints. In contrast, the final iteration exhibits a markedly
different perturbation pattern (Figure 3-A). The feasible
samples form a narrow, elongated region, particularly
constrained in the feed rate dimension. While feasibility
is retained under some perturbations, the admissible re-
gion collapses rapidly along one coordinate, suggesting
that the optimal point lies close to a constraint. This ex-
plains the lower robustness index observed at the final
iteration. Despite further adaptive refinement of the sur-
rogate, this indicates increased sensitivity of feasibility to
small input variations and highlights the risk of operating
near constraint boundaries, even when the objective
value appears to be favorable.
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These results emphasize that continued adaptive
sampling does not necessarily improve operational ro-
bustness but can lead to over-refinement around feasi-
bility boundaries. While later iterations may sharpen
these boundaries or marginally improve objective values,
they can also drive the optimizer toward regions of higher
sensitivity. Whereas the iteration with the highest robust-
ness index achieves the best trade-off between perfor-
mance and reliability.

CONCLUSIONS

This work presents a novel physics-informed strat-
egy based on PINNs to explore the design space and pre-
dict the feasibility region for a BFB pyrolysis process. Op-
timization and sensitivity analysis are also performed to
find the optimum operating point, as well as investigate
its robustness. By embedding fundamental mass balance
constraints directly into the learning process, the pro-
posed PINN framework achieves physically consistent
predictions while maintaining flexibility in data-driven
modeling. The introduction of an adaptive sampling
scheme enables efficient exploration of the input space,
progressively refining the surrogate model in regions of
high violation of the mass balance constraint. This results
in accurate operability maps that capture complex feasi-
ble regions without requiring exhaustive mechanistic
simulations. A key contribution of this study is the explicit
integration of robustness analysis into the optimization
workflow. Local perturbations around candidate optima
are used to quantify uncertainty in both operating varia-
bles and objective values, while feasibility filtering en-
sures that robustness is evaluated under strict process
constraints. The combined use of relative objective un-
certainty and feasibility retention ratio allows the defini-
tion of a robustness index that discriminates between
purely optimal solutions and those that are reliably oper-
able under uncertainty. The comparison between early
and late adaptive iterations highlights that continued
sampling does not necessarily improve robustness, high-
lighting the importance of robustness-aware criteria. The
results show that the most robust operating point may
emerge before full convergence of the feasible region,
offering practical insights for reducing computational ef-
fort while maintaining reliability.

Overall, the proposed methodology provides a
framework for feasibility prediction, constrained optimi-
zation, and robustness assessment in complex thermo-
chemical systems. Its modular structure and physics-in-
formed features make it readily extendable to higher-di-
mensional design spaces, additional constraints, and al-
ternative reactor configurations. As this study is a proof
of concept based on a semi-empirical literature model, its
industrial applicability is currently limited. Future works
should be directed towards validation using experimental
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and plant data.
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