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The integration of Atrtificial Intelligence with process engineering offers new opportunities for optimizing complex
industrial operations. In this study, Artificial Intelligence-assisted models were developed to enhance the
simulation and design of azeotropic distillation applied to solvent recovery (organic acid mixture dehydration) in
a polyamide recycling process. Experimental data from a pilot scale distillation column were complemented with
process simulations performed in AVEVA™ PRO/Il process simulation software. Two neural network
architectures, Kolmogorov-Arnold Network and Sequential Neural Network, were trained using both
experimental and simulated data to construct a Digital Twin of the distillation unit. Model predictions were
compared against experimental and simulated results, evaluating the fitting of the generated data in terms of
solvent recovery efficiency and energy consumption. Results highlight the potential of hybrid Artificial
Intelligence, simulation and experimental approaches to accelerate process optimization, reduce experimental
effort, and improve prediction accuracy for the investigated system.

1. Introduction

Over the past few years, the evolution of Artificial Intelligence (Al) has accelerated dramatically, leading to major
improvements in the reliability and applicability of data-driven tools for industrial innovation. In particular, multi-
layer Artificial Neural Networks (ANNs) have demonstrated remarkable ability to recognize patterns and
correlations in complex, high-dimensional datasets, making them valuable for both scientific discovery and
engineering design (Bianchini et al., 2022).

Although the application of Al to chemical process control and optimization was investigated as early as the
1990s, its large-scale deployment has become practical only with the development of deep learning
architectures capable of capturing non-linear system behaviours (Xu et al., 2021). Nowadays, machine learning
is considered an integral component of natural science, closely interconnected with experimental, theoretical,
and simulation approaches, significantly accelerating research productivity and reshaping innovation strategies
(Cockburn et al., 2022). Since no single model can fit all purposes, the proper selection of ANN type and
configuration is essential and depends on the specific problem to be solved (Cichy & Kaiser, 2019).

In the chemical sector, the recovery and reuse of solvents are key operations that strongly influence process
sustainability, safety and economic performance. For this purpose, distillation remains one of the most
established separation technologies, and azeotropic distillation can improve energy efficiency and reduce
column size. The core principle of azeotropic distillation is the addition of a third compound in the mixture, known
as entrainer, which interacts specifically with one of the species to separate, in particular the light species,
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favouring their vaporization and enrichment in the distillate. When this third compound induces liquid-liquid
phase separation, the process is called heterogeneous azeotropic distillation, and this technique facilitates the
entrainer recovery which can be performed by decantation, although phase separation within the column may
complicate operation (Widagdo & Seider, 1996).

The design and optimization of extractive or azeotropic distillation units involve numerous coupled variables,
making computational modelling an essential but challenging task. Selecting a suitable entrainer is critical and,
while recent advances in molecular modelling and computer-aided design have simplified the initial screening,
the accuracy of predictive models for multi-phase systems remains limited (C. Liu et al., 2024). Therefore,
simulations must be complemented by experimental data and experimental testing. Once potential entrainers
are identified, their ternary mixtures must be described in simulation by thermodynamic models, validating
Vapour-Liquid-Liquid Equilibrium (VLLE) data through literature comparison or dedicated experiments
(Pimentel & Friedler, 2021).

The optimization of operational parameters, such as column configuration, number of stages, pressure, reflux
ratio, and temperature and flow rate of both feed and entrainer, requires tight coordination between modelling
and experimental validation. This approach ensures accurate representation of three-phase behaviour and
avoids convergence errors often encountered in process simulation software (Kruber & Skiborowski, 2022).
Selective solvent dissolution has recently emerged as an efficient method for polymer recovery. Tonsi et al.
(2025) demonstrated that polyamides can be recycled through dissolution—precipitation processes, where
targeted solvents dissolve the polymer selectively, enabling its regeneration with reduced environmental impact.
This approach aligns with current efforts to integrate Al-assisted process optimization and sustainable
chemical recycling.

In consideration of the recycling of solvent mixtures (organic acid mixture dehydration) used in a selective
dissolution polyamide recycling process through azeotropic distillation, Al models offer specific advantages in
addressing the complex heterogeneous distillation process with multiple operational parameters that creates a
high-dimensional optimization space including reflux ratio, entrainer flowrate, feed conditions, and tray
configurations. Digital twin technology, which focuses on creating virtual replicas of physical process through
data-driven Al models, offers an efficient solution with rapid prediction of process behaviour across different
operating conditions without the constraints of physical experimentation.

The approach adopted in the research project focuses on hybrid training strategy that combines experimental
data from laboratory-scale distillation experiments with simulation datasets generated with AVEVA™ PRO/II
process simulator. This method addresses a critical limitation faced working with experimental data in chemical
process development, where data alone is often insufficient to cover entire operation space, and simulation
data, which requires validation against real process behaviour. By training models on these data sources, the
resulting Al systems achieve both broader operating-space coverage and improved generalization.

Two distinct deep learning architectures, Kolmogorov-Arnold Networks (KAN) (Z. Liu et al.,, 2025) and
Sequential Neural Networks (SQNN) (Panerati et al., 2019) (Esche et al., 2022) were developed and evaluated
for the digital twin system. These models provide instantaneous predictions of process outputs including
distillate composition and thermal consumption, aiding and speeding up the need for computationally expensive
iterative simulations during process exploration and optimization phases. The dual-model approach allows for
the evaluation of these two different models with different trade-offs: interpretability and predictive accuracy,
providing both clear understanding and high-fidelity predictions to support different use cases and process
development.

In this work, developed in the framework of the project RE-POLY.Al, a collaboration between Radici S.c.ar.l,,
Thechneos S.r.I. and Universita degli Studi di Milano, the possibility of coordinating the use of different Al models
with simulation and experimental pilot tests in the design of the unit for solvent recovery by azeotropic distillation
in the process of dissolution-precipitation of polyamide materials was studied, analysing the advantages and
synergies that this approach may bring in process design.

2. Methodology

This work performs a comparison of the data obtained with three different methodologies, an experimental
laboratory plant, the software simulation AVEVA™ PRO/Il and two Al models for the same separation at the
same operating conditions to assert the goodness and the synergy of the three approaches. Reflux ratio and
entrainer feed temperature were used as parameters for a sensitivity analysis and evaluate the capability of the
software simulation and Al models for the representation of the azeotropic distillation.

2.1 Experimental

The experimental dataset was collected using a 3-meter-high distillation column. The unit included 15 trays and
was equipped with a reboiler at the bottom and a water-cooled condenser at the top. Heating was supplied
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through two quartz rods inserted in the reboiler to generate vapour, while the condenser removed latent heat to
liquefy the rising vapours. The condensed liquid was either recovered as distillate or partially returned as reflux
to the top tray to enhance the separation efficiency. The reflux ratio was controlled automatically via a solenoid-
actuated valve. Several thermocouples measured the temperature profile along the column, and all process
variables, including heat input, valve position, and temperature readings, were regulated through a PLC system.
Sampling ports positioned at different heights allowed analysis of the liquid composition along the column.
Since a single sample withdrawal was insufficient to characterize the composition of binary or ternary systems,
two dedicated analytical methods were developed. Distillate and bottom samples required distinct approaches
due to their differing phase behavior. The bottom stream, containing no organic acetates, consisted of a single
homogeneous phase, whereas the distillate presented a two-phase system caused by azeotrope formation and
the immiscibility of the organic and aqueous components.

The first procedure, a gravimetric method, provided a rapid, instrument-free estimation of the ternary
composition. The distillate sample was vigorously stirred to ensure homogeneity, then a small portion was
collected with a Pasteur pipette and transferred into a calibrated 10 mL cylinder. After phase separation, total
weight and phase volumes were recorded. Each layer was titrated colorimetrically to quantify the organic acid
content, and the proportion of organic acetates was determined from their densities. Water content was obtained
by difference, accounting for mutual solubility between the two phases.

The bottom samples, with negligible organic content, were analyzed using HPLC (Shimadzu LC-10ADvp)
coupled with a RID-10A refractive index detector and a thermostated biphenyl column. The eluent was a
methanol-water (40:60 V/V) mixture acidified with 0.1 % formic acid, flowing at 1.0 mL/min and maintained at
45 °C. Distillate samples were diluted (1:1000 V/V in methanol) and spiked with an internal standard to maintain
linear detector response.

2.2 Process Simulation

To expand the original experimental dataset the experimental plant was simulated using the simulation software
AVEVA™ PRO/Il. The thermodynamic model chosen for the representation of the ternary mixtures VLLE was
the UNIFAC Temperature dependent 3 for the liquid activity calculation with the fugacity corrected by the
Hayden-O’Connell correlation, as it best represented the liquid-liquid phase separation and the liquid-vapour
equilibrium. A comparative study and cross validation between the results obtained by the pilot scale
experimental column and the simulation allowed a correct representation of the separation by consideration of
the single tray efficiencies. The column was optimized to perform the dehydration of 2000 kghr-' of aqueous
organic solvent solution with the addition of the organic acetate as the entrainer. The ratio between the solution
to dehydrate and the organic acetate was set at 0.60, both fed on tray 10 of the total 13 trays resulted from the
optimized column. The Murphree efficiency for the single tray was calculated to be 0.5 for the rectification section
and 0.7 for the stripping section. The reduction in efficiency for the rectification is due to the formation of the
double layer heterogenous solution of water and entrainer. The reflux ratio was set as a specification in a range
between 0 and 6, depending on the most suitable one to enhance the depth of the experimental dataset.

2.3 Artificial Intelligence Models

The Al solution developed for process prediction and simulation uses two complementary deep learning
architectures implemented within a unified software platform with friendly user-interface. The first model,
Kolmogorov-Arnold Network (KAN) architecture provides an interpretable modelling approach. The trained
network is distilled into symbolic mathematical formulas with automatic regression using basis functions such
as polynomial, logarithmic, trigopnometric terms and exponential. This symbolic regression returns a transparent
equation that describes relations between process inputs and outputs. Two separate KAN models were
developed: one for predicting distillate composition (network width: 8-16-8-1), and another for predicting thermal
consumption (network width: 8-32-16-1).

As a complementary approach, a deep sequential neural network (SQNN) architecture was implemented with
denser layers compared to KAN of 1024, 512 and 256 neurons with ReLU activation and aggressive dropout
regularization to prevent overfitting on available datasets. Two variants of the SQNN model were trained. The
first is a classifier that predicts the probability of process success and was trained on the entire dataset (including
unsuccessful experiments). The second is a regressor that forecasts continuous process outputs that includes
distillate composition (for both the target compound and entrainer), distillate flowrate, and thermal consumption
and was trained on data from successful operating conditions. An ensemble of five networks were trained to
ensure model stability and the best performing network was selected based on validation loss after training 500
epochs with early stopping to prevent overfitting to training dataset. This architecture targets predictive accuracy
for complex non-linear interactions, its multi-output capability enables simultaneous prediction of multiple
process parameters required for economic and efficiency calculations, however, it is not easily interpretable.
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Both modelling approaches were trained with dataset combining 6829 simulation data points with 10
experimental runs, accepting eight input parameters: reflux ratio, entrainer flowrate, entrainer feed tray, feed
tray, tray number, feed temperature, entrainer temperature, and feed composition. The dataset composition
ratio of 683 in favour of the simulated data reflects the practical challenges of running experimental tests in
extractive distillation systems, where each run requires significant time and resources. The models eliminate
the computational overhead of iterative process simulations, provides real-time instantaneous predictions
suitable for rapid parameter exploration and optimization studies. The models are deployed on a web-based
software service, password protected, aided with user friendly interface and easy-to-use process.

3. Results and Discussion

Two different types of comparisons were carried out with predicted data, the first with simulated data from
AVEVA™ PRO/II software (Fig.s 1 and 2) and the latter with the results obtained in the experimental distillation
column (Fig. 3). The Digital Twin interface has several variables which can be tuned in a specific range of
selection, unique for each one of them. Once all the required inputs are entered, the fraction of solvent in the
distillate section and the thermal consumption are displayed as outputs. In the first comparison, two column’s
parameters were tested and varied within a given range, while keeping the other fixed, for the two different
outputs, obtaining all the correlations. The Al calculations were replicated in the same conditions and plotted in
comparison with simulated data. The analysis of the results was performed by verifying the deviation of the KAN
and SQNN models compared to AVEVA™ PRO/Il software results.
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Figure 1: Comparison between AVEVA Pro/ll simulated and Al generated data for the column’s reflux ratio
dependency of a) the solvent distillate mass fraction and b) reboiler duty
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Figure 2: Comparison between AVEVA Pro/ll simulated and Al generated data for the entrainer feed
temperature dependency of a) the solvent distillate mass fraction and b) reboiler duty.

In order to compare the Digital Twin results with an experimental run, a specific distillation test has been
replicated with the two different Al models, and the AVEVA™ PRO/II software as further reference. In this case,
the input parameter that was taken into consideration was the ratio between the feed and entrainer flowrates as
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it is independent of the scale of the experiment. The obtained results have been reported in bar charts in the
Figure 3, where the values of the experimental, simulated, KAN model and SQNN model results are shown:
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Figure 3: Comparison between experimental, simulated and Al data for a specific laboratory experiment, with
the solvent mass distillate fraction as output displayed.

The numerical values reported in Table 3 demonstrate a good similarity between process simulation and digital
twin data. The experimental value of the mass fraction of the solvent in the distillate obtained in the experimental
test appears significantly lower, but it is important to observe the scale of the plot and to observe that it is fully
comparable with the purity specification requested to the separation. Moreover, the quantification of a so small
amount of solvent in the distillate flowrate is affected by an intrinsic deviation.

Summarizing, for the results of the column’s reflux ratio variation (Figure 1), both the Digital Twin models are
able to represent the correct descending trend and magnitude of this parameter. The overall variation of the
deep SQNN, which was evaluated quantitatively, is better than the one of the KAN. For the plots of the entrainer
temperature variation (Figure 2) the trend correlation is correctly depicted just for the KAN model and it is
opposite for the SQNN for both the two parameters investigated; but the latter model is better in the overall data
deviation. For the comparison with the experimental data (Figure 3), both experimental and calculated results
are below the acceptable limit of the concentration of the solvent in the distillate, and the SQNN is again better
in reproducing the simulated data. Since these Al models are trained on the AVEVA™ PRO/II software, closer
results to these data could be expected compared to experimental ones, which are also not well represented by
the simulation.

The comparative evaluation of KAN and SQNN models shows the distinct performance characteristics for
chemical process. When evaluated on test data partitioned from the simulation datasets, the SQNN model
shows higher predictive performance with R? scores exceeding 0.99 for these process parameters: distillate
composition for target compound (R? = 0.9937, RMSE = 0.0022), distillate composition for entrainer (R? =
0.9972, RMSE = 0.0062), distillate flowrate (R? = 0.9976, RMSE = 131.0260), and heat duty (R? = 0.9965,
RMSE = 82.1384). The KAN models achieve, for distillate composition for target compound R2 = 0.746 and
RMSE = 0.013, and for heat duty R? = 0.933, RMSE = 203.502. Both architectures demonstrate high accuracy
levels, with SQNN achieving overall higher performance. The prediction of the process success for SQNN model
has accuracy of 0.968. These are promising results, but it must be noted that test dataset is partition of
simulation data. Unseen configurations may show slightly different results but considering target working
conditions and economical operation region targeting, this system covers critical range with high accuracy.
When validated against AVEVA™ PRO/Il simulation data through systematic parameter variation studies, the
SQNN model achieves better prediction capabilities, this enhanced performance in validation studies lies in the
SQNN’s deeper architecture and thus better learning capabilities to capture non-linear relationships. Though as
mentioned before, this comes at the cost of being a black-box model. Reflux ratio and entrainer flowrate are
parameters that have direct effect on azeotropic distillation, thus it is likely Neural Network models heavily focus
on capturing these two parameters for better predicting accuracy. The trend captured with reflux ratio, for both
models, is quite similar to simulation data. The trend with entrainer flowrates on distillate value of target
compound are not as similar as seen in reflux ratio, hinting the complex effect of entrainer flowrate to the
process.

While models successfully extrapolate the simpler linear relationships between flowrate and thermal
consumption, they show higher errors for the more complex relationship between entrainer flowrate and target
concentration. When validated with out-of-sample input parameter, a very low entrainer flowrate value that was
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not represented in the training dataset, the prediction performance falls noticeably. However, this limitation
occurs in an economically non-viable operating region where low entrainer flowrates result in an excessive
product loss.Overall, the models show strong performance within the practical operating space.

4. Conclusions

This work demonstrated the integration of experimental data, process simulation, and artificial intelligence for
the optimization of azeotropic distillation in solvent recovery during polyamide recycling. The developed Digital
Twin, based on KAN and SQNN models trained on both experimental and simulated data, successfully
reproduced key column parameters such as solvent recovery efficiency and energy demand. Among the two
networks, SQNN showed better overall data fitting, while KAN better represented specific operating trends. The
results confirm that Al-assisted models can complement conventional process simulation, improving predictive
accuracy for non-linear, multi-phase systems and significantly reducing the experimental workload. The
methodology developed here represents a first step toward data-driven process design and control for solvent-
intensive recycling operations. Future work will focus on expanding the dataset, refining model architectures,
and implementing real-time Al-based optimization within industrial Digital Twin environments to enhance
process sustainability and efficiency.
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