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ABSTRACT

This work presents a data-driven surrogate modeling framework for predicting distillation behavior
assuming an infinite number of stages and distillation limits informed by residue-curve topology
and pinch-point feasibility analysis. The framework provides a direct mapping from feed compo-
sition and distillate-to-feed ratio (D/F) to distillate and bottom product compositions, making it
suitable for flowsheet synthesis and optimization applications. The approach combines three com-
ponents: a classifier that identifies feasible singular-point splits, a boundary regression model that
predicts D/F limits separating pure- and mixed-product operating regimes, and a neural network
that interpolates product compositions in the intermediate regime. The method is demonstrated
for the ternary system ethanol, benzene, and water at 1 atm using data generated from rigorous
vapor-liquid-liquid equilibrium analysis. Results show that the framework provides reliable predic-
tions for pure splits while retaining smooth interpolation behavior in the mixed regime.
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INTRODUCTION

Modeling distillation behavior of multicomponent
systems is central to conceptual process design. Cum-
bersome process simulations based on equilibrium stage
models are computationally demanding, prone to humer-
ical failure, and require numerous specifications. They
are therefore typically avoided in early design phases in
favor of shortcut models that focus on the general feasi-
bility of a split rather than detailed apparatus design.
Shortcut models typically assume an infinite number of
theoretical stages and target the minimum energy de-
mand for pinched separations, e.g., the Underwood
method for constant relative volatilities or the rectifica-
tion body method for general nonideal mixtures [1]. Such
shortcuts require prespecified products for which feasi-
bility is determined. In many applications such as flow-
sheet synthesis, a mapping from feed and split specifica-
tions (e.g. distillate-to-feed ratio (D/F)) to product com-
position is required instead.

If such a mapping is required, one could rely on heu-
ristics to suggest preferred column products [2] or wrap
existing shortcut models inside iterative loops that adjust
https://doi.org/10.69997/sct.174345
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product specifications until material balances and split
specifications are met [3]. Heuristics often restrict the
design space, for example by excluding non-sharp splits
[2], while iterative loops can be slow and may fail to con-
verge, particularly in nonideal and azeotropic settings [3].
Ryll et al. [4] propose direct mapping from feed specifi-
cations and D/F to product compositions under infinite-
stages and total reflux (oo/o0) assumptions; however,
these methods are geometric, work only for discrete
pressures, and are limited to four components [5] [6].

In this work, we address these limitations by pro-
posing a data-driven surrogate model for distillation col-
umns assuming an infinite number of stages and operat-
ing under general distillation limits defined by residue-
curve behavior at total reflux and pinch point-based fea-
sibility limits. The key objective is a deterministic, direct
mapping from the molar feed composition and molar D/F
to the distillate and bottom molar compositions for a pri-
ori defined systems of any vapor-liquid equilibrium (VLE)
topology. Accordingly, these models serve as tailor-
made surrogates for feasibility studies in conceptual pro-
cess design, intended for flowsheet synthesis and ma-
chine learning (ML)-based process optimization, where a
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large number of process alternatives have to be
screened before optimizing the column parameters (e.g.,
number of stages, reflux ratio) in detail.

Data-driven surrogate models have been used suc-
cessfully for distillation column design and optimization,
including neural network-based [7-9] and Gaussian pro-
cess-based [10, 11] models for different column configu-
rations. Further, Panofen et al. [12] have recently pro-
posed a surrogate model of distillation boundaries in aze-
otropic multicomponent mixtures. However, data-driven
surrogates are always tailor-made for, and thus limited to
one specific task. To the best of our knowledge, no sur-
rogate currently exists for predicting distillation column
products at the limiting cases of an infinite number of
stages and distillation boundaries informed by residue-
curve topology and pinch-point feasibility analysis. We
close this gap with the present work.

We present results for ternary systems, although
the methodology is in principle not limited and can be ex-
tended to multicomponent systems when sufficient com-
putational power is available during training. The result-
ing surrogate model can be used in any flowsheet syn-
thesis problem. Because the applied ML-based models
evaluate quickly and robustly, it is particularly suited for
optimization methods that identify flowsheet concepts,
such as superstructure optimization and ML-based flow-
sheet design [3], where numerous flowsheet evaluations
are needed.

METHODOLOGY

Overview

The objective is a direct and deterministic mapping
from feed composition and D/F to the corresponding
product compositions,

(z,DIF) = (x, ), M

where z = (z, 2,, ..., 2,,) denotes the mole fractions of the
feed an n-component mixture with Z:’zlzi =1L,y=0n)
,...,¥p) the distillate’s mole fractions, and x = (x,x,
,...»X,) the bottom product’'s mole fractions.

The training data for this mapping are generated us-
ing the Automated Process Synthesis (APS) Tool v1.0 [2],
which performs thermodynamically rigorous VLE analysis
of multicomponent mixtures. The APS Tool identifies aze-
otropes, distillation regions, and feasible singular-point
splits, that is, separations involving pure components or
azeotropes, using general distillation limits defined by
residue-curve topology and continuation-based pinch-
branch calculations. Residue curves characterize separa-
tion behavior in the total reflux limit, whereas pinch lines
describe the limiting behavior of reversible columns op-
erated at finite reflux. A split is considered feasible if it is
admissible under either limiting case. Consequently, the

feasible split set identified by the APS Tool represents
the outer envelope of thermodynamically admissible sep-
arations for a given feed.

In the present work, these identified limiting singu-
lar-point splits are used as anchors for surrogate model-
ing. Once the limiting products are known, the separation
behavior between them can be represented in terms of
D/F, without explicitly distinguishing the underlying reflux
mechanism.

A straightforward approach to learning the mapping
in Eg. (1) would be to train a sufficiently large neural net-
work directly on input—output data. While feasible, this
approach was found to exhibit inconsistent accuracy in
predicting azeotropic compositions and occasionally pro-
duced slightly impure product compositions in cases
where a pure-product split is expected.

To address these limitations, we propose embed-
ding the neural network into a structured hierarchical
learning framework that leverages knowledge on distilla-
tion theory to guide the training process and enhance
physical interpretability. The overall structure of the pro-
posed framework is illustrated in Figure 1.

Figure 1. Hierarchical surrogate framework integrating
data-driven models for predicting distillation behavior.

At the beginning of the pipeline, two learning tasks
are introduced to extract physically interpretable infor-
mation about the separation before predicting the com-
positions (x, y). The first task is a classification problem
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that determines, based on z, which singular points in the
VLE act as unstable and stable nodes of the distillation
lines governing the splits. The second task is a boundary
regression that predicts the limiting D/F values associ-
ated with attainable singular-point separations for given
feed composition z and singular points determined in the
classifier.

In certain cases, the product compositions can be
determined directly from the outcomes of these two
tasks. For example, when separation to a pure singular-
point product is feasible at a given D/F, the correspond-
ing distillate or bottom compositions coincide with the
composition of that singular point. Only for D/F values
that do not admit a pure singular-point split, is the neural
network used to predict the product compositions.

Both the classifier and the boundary regressor are
entirely data-driven, with the required labels obtained
and stored during the data-generation process. Overall,
the proposed hierarchical framework effectively distills
VLE knowledge into a data-driven surrogate model that
is computationally efficient, numerically stable, and well-
suited for flowsheet synthesis and ML-based process
synthesis.

Data generation and representation

The training data are derived from rigorous VLE
analyses performed with the MATLAB-based APS Tool.
The proposed framework approximates these results
while preserving physical interpretability and numerical
robustness. Rather than relying on repeated evaluations
with the APS Tool, physically meaningful separations are
extracted from the tool's thermodynamic analyses and
combined with material-balance calculations to deter-
mine the D/F value corresponding to a particular product
split. This information can then be embedded into predic-
tive models that accept D/F as an explicit input and can
be evaluated efficiently in a Python-based environment.

First, a separation system is defined by specifying
pure-component properties, such as Antoine equation
parameters, together with a binary activity coefficient
model. Based on this thermodynamic description, the sin-
gular points of the system are identified. The finite set of
thermodynamically admissible singular points as top
products is denoted as Sy = {sr 1,575, ... .St x, @7}, and the
corresponding set for bottom products by Sp=
{sB1,582---»Spx>Dp}, Where @r and @y denote the ab-
sence of a feasible pure distillate or pure bottom split, re-
spectively.

Feed compositions z are then systematically sam-
pled over the composition simplex. The evaluated feeds
evenly cover the simplex, as studies on surrogate models
show that such coverage reduces error and delivers large
speedups when embedded later in flowsheet optimiza-
tion [12]. For each feed composition, a one-hot encoding
is assigned to indicate which elements of S; and Sg

Wolf et al. / LAPSE:2026.0347

Syst Control Trans 5:1145-1152 (2026)

correspond to feasible top and bottom splits, respec-
tively. In addition, the corresponding product composi-
tions y and x for the pure split at the maximum achievable
yield are provided.

The APS Tool may identify multiple competing sin-
gular points for a given feed composition, for example
near distillation boundaries where more than one pure
top or bottom product is theoretically feasible. In such
cases, expert judgment is applied to select the most ap-
propriate split.

Once the singular-points splits have been identified,
two critical values of D/F are defined for each feed com-
position: DFy, the maximum D/F at which a pure distillate
is achievable, and DFg, the minimum D/F at which a pure
bottom product is achievable. These values are calcu-
lated from a component-wise molar balance,

The resulting values partition the operating space into
three regimes:

Top: O < D/F = DFy,
Middle: DFy, < D/F < DFg
Bottom: DF; < D/F < 1.

If no pure distillate split exists for a given feed, DF; is set
to zero, and if no pure bottom split DFy is set to one. This
information constitutes the complete dataset required to
train the classifier and boundary regressor.

To train the neural network, additional data are gen-
erated to capture the relationship outlined in Eq. (1). For
singular-point splits, product compositions are computed
for pure-product yields Y; ranging from Y; =0.01 to the
maximum feasible yield. An example of such data points
for a single feed composition in a ternary mixture of eth-
anol, benzene, and water at 1 atm is illustrated in Figure
2.

The feed selected in Figure 2 corresponds to a sep-
aration governed by residue-curve topology, such that
the intermediate operating points remain consistent with
the distillation boundary associated with the total-reflux
limit. Data points corresponding to a pure bottom split
(orange circles) represent the bottom operating regime
at high D/F values (D/F = 0.78-0.99), whereas points as-
sociated with a top split with a minimum ternary azeo-
trope (red squares) represent the top operating regime at
low D/F values (D/F = 0.003-0.33).

Data for the middle operating regime are generated
by interpolating between the limiting pure splits. When a
feed admits both a pure distillate and bottom product, in-
termediate compositions are sampled along the discre-
tized binary line connecting the corresponding pure-split
product compositions, as indicated by the green dia-
monds in Figure 2. For each sampled composition, the
corresponding D/F is computed using Eq. (2).
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Figure 2. Example data points for ternary system
collected using APS Tool [2]. Separation behavior falls
within limits of residue-curve topology.

Figure 3 illustrates a case in which the selected feed
admits feasible operating points associated with pinch-
line feasibility. In this case, some middle-regime data
points extend beyond the residue-curve-based distilla-
tion boundary, reflecting admissible separations under
reversible-column limits. Both types of behavior are re-
tained in the training dataset and treated as physically
admissible by the surrogate framework.
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Figure 3. Example data points for ternary system
collected using APS Tool [2]. Separation behavior falls
within limits of pinch-line feasibility analysis.

Moreover, due to the geometry of the distillation bound-
aries and pinch-points limits, the resulting D/F values
along these interpolation paths do not necessarily vary
monotonically. This further motivates the use of a neural
network to learn the relationship between D/F and prod-
uct composition in the middle regime. In addition,
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numerical convergence issues may arise in rigorous VLE
calculations for certain intermediate operating points,
motivating the development of a surrogate model capa-
ble of delivering robust predictions across the full oper-
ating range.

Singular point split classification

The first ML task addresses the identification of sin-
gular-points for a given feed composition. The input to
this task is the reduced feed composition vector z = (z;
s Za, - s Zyn_1) TOr @an n-component system. The output is a
one-hot encoded vector over the predefined sets S;.and
Sg, indicating which singular points correspond to the top
and bottom splits, respectively, for the given feed com-
positions.

The model employs a histogram-based gradient
boosting classifier implemented in the scikit-learn library
in Python. This method constructs an ensemble of deci-
sion trees sequentially, where each tree is trained to cor-
rect misclassifications of the current ensemble. The his-
togram-based discretization of the input space improves
numerical robustness and computational efficiency while
preserving the ability to represent nonlinear decision
boundaries in the composition simplex.

The trained classifier yields a discrete and interpret-
able mapping from £ to Sy.and S within the training do-
main.

Operating regime prediction via boundary
regression

The regression task is formulated as a boundary re-
gression problem. Two continuous regression models are
trained to predict the functions DF; = fr(%,Sr,Sg) and
DFy = f3(2,S1,Sg). The operating regime for a queried
D/F value is then obtained by comparison with these pre-
dicted boundaries.

Explicit constraints are enforced to ensure physi-
cally consistent predictions, including clamping predicted
ratios to the interval [0, 1] and enforcing the condition
DF; > DFy. The regression models are implemented us-
ing histogram-based gradient boosting regressors from
the scikit-learn library, which efficiently capture nonlin-
ear boundary surfaces over the composition simplex
while remaining numerically robust.

Neural network for impure product splits

For operating points in the middle regime, product
compositions are predicted using a feed-forward neural
network implemented in Python with PyTorch. The net-
work is trained as a regression model that maps z and
D/F to the distillate compositions y = (¥1,¥5, ..., Yn_1)- The
remaining y, and corresponding bottom compositions x
are computed from an overall material balance.

Product composition reconstruction
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The final product compositions are predicted using
a hybrid reconstruction strategy that combines analytical
material balances and the neural network prediction. In
the top and bottom regimes, product compositions are
computed using Eq. (2) consistent with the correspond-
ing limiting pure split. For operating points in the middle
regime, the neural network is used to predict product
compositions.

To ensure physical feasibility, all predicted compo-
sitions are postprocessed to satisfy component-wise
material constraints. For a given D/F, the distillate mole
fractions must satisfy

Yi S min (I’DZ_/;,)I (3)

reflecting that a distillate stream cannot be in excess of
its availability in the feed. If necessary, the predicted dis-
tillate vector is projected onto the feasible composition
simplex under these caps, ensuring nonnegativity and a
unit sum. Once a feasible distillate composition is ob-
tained, the bottom composition is computed from the
overall material balance (see Eq. (2)).

EXAMPLE CASE STUDY

The proposed framework is demonstrated using the
ternary mixture of ethanol, benzene, and water at 1 atm,
modeled using the Non-Random Two-Liquid (NRTL) g-t-
model [13] with parameters taken from Aspen Plus [14].
The mixture exhibits a liquid-liquid phase split and four
minimum azeotropes (three binary, one ternary; two ho-
mogeneous, two heterogeneous). The set Sy comprises
pure bottom splits yielding ethanol, benzene, or water, as
well as the absence of a pure bottom split. Since all fea-
sible compositions admit a top split with the ternary min-
imum azeotrope, the set Sy contains only a single option
and yielding a trivial classification task.

Data for split classification and operating regime
prediction are generated with approximately 124, 000
feed compositions samples across the VLE simplex. The
samples are drawn from a structured grid with compo-
nent mole fractions in the range 0.002 = z; = 0.996. To
avoid artificial grid-induced artifacts and improve gener-
alization, small Gaussian perturbations with standard de-
viations of o = 0.0003 are added to the sampled compo-
sitions. This stochastic smoothing prevents the classifier
and regression models from memorizing grid-aligned de-
cision boundaries and encourages learning of physically
meaningful, continuous separation surfaces in the com-
position space.

A comparatively high sampling density is used for
classification and boundary regression tasks because
these models must resolve sharp transitions between
distillation regions and accurately capture singular-point
behavior near curved distillation boundaries. In addition,
generating training data for pure splits is computationally
Wolf et al. /| LAPSE:2026.0347
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efficient, as it requires only the identification of limiting
separation behavior, rather than singular points across
the entire operating range.

In contrast, training data for the neural network are
generated using feed compositions in the range of 0.02
< z; = 0.96. For middle-regime splits, product composi-
tions are generated along the binary line connecting the
pure bottom split and the bottom composition associated
with the pure distillate split, as described above and out-
lined in Figures 2 and 3. These compositions are sampled
in increments of Az; = £0.01. In total, approximately 293,
000 data points are generated for neural network train-

ing.
Results

Classifier

The pure-split classification model was evaluated
on 4, 851 validation feed compositions that were not
used in the training dataset, with component mole frac-
tionsin the range 0.01 = z; < 0.98. The results of the eval-
uation are shown in Figure 4, which shows the predicted
pure bottom split for each feed composition z selected
from the admissible set Sg.

+ Ethanol

Ethanol Benzene
Water

* No bottom

x 80 0 Validation mismatch

o Azeotropes

Water

100 ¥ T T t + u T :.; T t + 0
[} 10 20 30 40 50 60 70 80 920 100
Benzene

Figure 4. Validation run for

classification.

singular-point  split

Of the analyzed feed compositions, only 21 showed
mismatches with the expected splits. Notably, all of these
cases occur at distillation boundaries separating feasible
pure splits. In eight cases, the model predicted an incor-
rect pure bottom component, while in the remaining 13
cases it incorrectly classified whether a pure bottom split
exists at the boundary point. Further improvements could
be achieved by increasing the training density or applying
additional weighting for feed compositions near distilla-
tion boundaries. In addition, incorporating confidence
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measures based on the consistency of predictions in a
local neighborhood of the composition space could ena-
ble the use of fallback strategies or alternative predictors
when the model encounters uncertain splits.

Regression

The operating regime regression model was evalu-
ated using the same validation set by comparing queried
D/F values against the predicted DF; and DFy bounda-
ries. The predicted DF; values exhibited a mean absolute
error of |ey| = 0.0039 with a standard deviation of oy =
0.0056, with a maximum observed error of e = 0.0178.
The prediction error for DFy was slightly greater, with a
mean absolute error of |ez| = 0.0062 and a standard de-
viation of oz = 0.0129. The two largest errors, g = 0.277
and eg = 0.194, occurred for feed compositions where the
bottom split was misclassified by the singular-point clas-
sifier, with ethanol predicted as the bottom product in-
stead of water. Both cases lie near distillation boundaries,
underscoring the sensitivity of the regression task to ac-
curate split classification near these regions. While this
suggests that additional fine-tuning of the classifier could
reduce such errors, alternative strategies for improving
the regression model could also be explored, including
the use of different regression architectures or uncer-
tainty-aware regression formulations.

Neural Network

The neural network is trained using mini-batch gra-
dient descent with the Adam optimizer and a mean-
squared-error (MSE) loss function. Key modeling
choices, including data normalization, loss formulation,
validation strategy, optimization settings, and stopping
criteria, were systematically evaluated. A randomized
train—validation split with a fixed random seed and early
stopping based on validation loss were selected to bal-
ance accuracy and generalization. Among the tested
configurations, a network with three hidden layers of 32
neurons each achieved the best validation performance,
with an MSE of 2.36 x 10-5.

Overall model

The full predictive framework was evaluated using
representative feed compositions by first generating ref-
erence product compositions and the corresponding D/F
values using the APS Tool. Figure 5 illustrates four repre-
sentative cases. The first three feed compositions (cases
(a)-(c)) were selected for their location within distinct
distillation regions, for which a pure bottom split is ex-
pected. The fourth (case (d)) was chosen because it rep-
resents a composition for which the singular-point clas-
sifier produced a mismatch. The APS Tool-derived D/F
values were provided as inputs to the hybrid surrogate
and neural network models, and the resulting product
compositions were compared against the APS reference
data.

Wolf et al. /| LAPSE:2026.0347

Although the hybrid surrogate and standalone neu-
ral network show similar overall agreement with the APS
Tool data in cases (a)-(c), closer inspection reveals qual-
itative and quantitative differences in performance. In
particular, for cases (a) and (b), the standalone network
fails to correctly reproduce the expected pure-bottom
product splits at high D/F values where thermodynamics
dictates a pure split. The hybrid surrogate successfully
predicts the compositions of these pure splits, as pure-
split compositions are enforced by construction.

These discrepancies are reflected in the error sta-
tistics summarized in Table 1, which report the mean ab-
solute error of the predicted product composition vectors
relative to the APS Tool reference, evaluated across all
components simultaneously and averaged over all con-
sidered D/F values for each split.

Table 1: Comparison of prediction errors between hybrid
surrogate and neural network for representative feed
compositions.

Prediction error (mean = std. dev.)

Case study Surrogate model Neural hetwork
(a) 4.17x104 3.57x103
+2.82x10°3 +2.54x1072
(b) 3.32x10°° 1.69%x1073
*1.58x10* +1.15x1072
(c) 8.56x10° 3.23x10*
*7.11x10 +7.59x10
(d) 1.26x10" 1.10x1072
+2.83x10" +2.53x1072

Syst Control Trans 5:1145-1152 (2026)

For cases (a)-(c), the hybrid surrogate achieves
lower mean errors, on the order of 10-°-10-4, compared
with 104-10-2 for the neural network, and shows substan-
tially lower variability. In particular, the standard devia-
tions of the surrogate predictions remain less than 3x10-
3, whereas the neural network exhibits standard devia-
tions exceeding 1x102 for all splits. These differences
also arise from the tendency of the neural network to pro-
duce inconsistent predictions of the ternary azeotrope
composition, whereas the hybrid surrogate enforces ex-
act singular-point compositions.

For the feed corresponding to the classifier mis-
match (case (d)), errors show the opposite trend. The
neural network exhibits a lower mean error than the hy-
brid surrogate, whose errors increase substantially due
to the incorrect pure-split classification of ethanol in-
stead of water, as seen in Figure 5. In this case, the sur-
rogate predictions trend toward the misclassified bottom
split, whereas the neural network captures a smooth
transition toward the correct split. This behavior sug-
gests that additional uncertainty-aware handling near
classification boundaries could further improve the hy-
brid framework.
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Nonetheless, due to its consistency and accuracy in
predicting pure splits and its physically constrained be-
havior across operating regimes, the proposed hybrid
surrogate provides a more reliable overall predictor than
a purely neural network-based approach.

CONCLUSION

This work presents a structured, data-driven surro-
gate modeling framework for predicting distillation be-
havior under infinite-stage assumptions, operating within
distillation limits informed by residue-curve behavior at
total reflux and pinch point-based feasibility analysis.
The framework provides a direct and deterministic map-
ping from feed composition and distillate-to-feed ratio to
product compositions, making it well-suited for flowsheet
synthesis and optimization applications in early concep-
tual design that require repeated and robust column

Wolf et al. / LAPSE:2026.0347
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evaluations. By decomposing the overall problem into a
singular-point split classification task, an operating re-
gime boundary regression, and a neural network-based
predictor for impure splits, the approach combines phys-
ical interpretability with numerical robustness and com-
putational efficiency.

The results demonstrate that the proposed frame-
work reliably predicts feasible pure splits and operating
regimes across the example ternary composition space
of ethanol, benzene, and water. In particular, the combi-
nation of the classifier and regime regression outper-
forms a purely neural network-based predictor for pure
splits, where exact reproduction of singular-point com-
positions is essential. The neural network, on the other
hand, is well-suited for interpolating product composi-
tions in the middle regime between limiting pure splits, as
well as for feed compositions associated with greater un-
certainty in the feasible bottom split. This hybrid
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structure allows each modeling component to be applied
where it is most effective, resulting in improved con-
sistency and physical fidelity.

While the current implementation represents a sig-
nificant step toward practical surrogate models for noni-
deal distillation systems, several opportunities for further
improvement remain. The accuracy of the regime bound-
ary predictions could be further refined, and the data
generation workflow should be streamlined to reduce
manual intervention and computational effort. In addition,
the present framework is limited to fixed-pressure oper-
ation. Extending the model to include pressure as an ad-
ditional input would require expanded training data and,
in the case of azeotropic singular points, prediction of
pressure-dependent azeotrope compositions. A longer-
term objective is the development of a more general sur-
rogate model that incorporates thermodynamic de-
scriptors as inputs, enabling application to previously un-
seen chemical systems.
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