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ABSTRACT

Asserting the phase stability of multi-component mixtures is an important task in computer-aided
mixture/blend design (CAMPD), but it is often hindered by the lack of reliable and tractable models.
In this paper, we propose a group-contribution machine-learning (GC-ML) method to predict
phase coexistence for a large set of ternary mixtures consisting of two solvents and one (fixed)
solute. Each solvent is represented by a vector of functional group numbers, encoded by integer
values. The solvent vectors are combined with mixture composition and temperature to form the
input features to a GC-ML surrogate classifier, which distinguishes between four types of stable
phase configurations as possible outputs: liquid (L), solid-liquid (SL), liquid-liquid (LL) or solid-
liquid-liquid (SLL). To explore the performance of the trained GC-ML multi-classifier, it is embed-
ded as a surrogate phase-stability constraint in the optimisation of an ibuprofen crystallisation
process. A two-step solution strategy is proposed, iterating between a surrogate-based subprob-
lem and a rigorous UNIFAC-based subproblem, to design binary solvent mixtures that improve the
yield of ibuprofen. A high classification accuracy score of over 0.96 is achieved in identifying the
correct phase configurations with the surrogate model, making it possible to accurately predict
whole phase diagrams for numerous mixtures. Moreover, reliable solutions to the crystallisation
design problem are generated with the two-step strategy, yielding objective function values close
to those with the UNIFAC-based model at a lower computational cost. These results reveal the
value of the proposed surrogate model in guiding the search for better solvent mixtures in CAM®D
applications.

Keywords: Solvent design, Machine learning, Group contribution, Optimisation, Phase stability

INTRODUCTION

Identifying optimal multicomponent mixtures is crit-
ical in process design, e.g., extraction, absorption and
crystallisation [1]. In the past few decades, the computer-
aided mixture/blend design (CAM®D) formalism has been
widely used to guide the design of solvent mixtures as
part of process optimisation efforts. The CAMPD problem
is often formulated as a mixed-integer nonlinear pro-
gramming (MINLP) model, which includes process con-
straints and property prediction constraints [2]. In addi-
tion, ensuring the phase stability of the designed blends
is important to avoid undesirable demixing behaviour of
the mixture during operation. Given a mixture at a specific
temperature, pressure, and composition, phase stability
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is achieved at the global minimum of the Gibbs free en-
ergy of the mixture. It can be enforced by ensuring the
sign of the minimum tangent plane distance (TPD) is non-
negative [3]. However, the need to use nonlinear thermo-
dynamic models to model complex mixtures makes TPD
minimisation a nonconvex optimisation problem. Embed-
ding this nonconvex problem within the CAMPD results in
a bilevel problem that is highly challenging and expensive
to solve within reasonable runtime in practice. Although
tailored optimisation strategies and algorithms have been
developed to address the phase stability problem [4,5] or
to embed heuristic phase stability checks within CAM®D
[6], this remains a hurdle to designing stable mixtures.
Recently, the idea of replacing the lower-level phase
stability constraint in the CAMPD problem with a data-
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Figure 1: Overview of the main steps, namely data generation, model training and optimisation in proposed frame-
work to develop a surrogate ANN multi classifier and implement it in the solvent design optimisation problem.
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driven machine learning model has been gaining atten-
tion. The use of artificial neural networks (ANNs) as sur-
rogate models has been investigated due to their ability
to achieve high accuracy and the potential to embed
them as linear constraints, which are preferable in opti-
misation [7]. In principle, this approach provides a way to
simplify nonconvex problems and to reduce computa-
tional cost. ANNs [8,9] and support vector machines
(SVMs) [10] have previously been trained to predict the
phase stability of a specific mixture and have been found
to reduce computational cost. However, these mixture-
specific models have limited potential for use in CAM®D
when many mixture candidates are considered in the de-
sign space. To address this, Karia et al. [11] trained an
ANN classifier to predict the phase stability of all binary
mixtures for a set of predefined solvent candidates, using
parameters that describe the solvent identities along with
composition and temperature as inputs. The classifier
model was used to replace the phase stability criterion
and was found to lead to improvements in optimisation
efficiency and solution quality. This work was extended
by considering SVM classifiers and introducing an addi-
tional surrogate model to replace the phase equilibrium
(solubility) constraints [12], demonstrating further the
potential of data-driven models in CAM®D.

Although these studies revealed that training surro-
gate models for phase stability prediction can lower com-
putational cost, the exploration of solvent mixtures be-
yond the dataset is restricted as the solvent identities are
linked to a subset of the UNIFAC parameters [13], namely
surface and volume. Furthermore, the need to train dif-
ferent surrogate models for solubility and phase stability
prediction increases model complexity. To overcome
these limitations, a group-contribution machine learning
(GC-ML) ANN is developed in this work to predict the
phase behaviour of ternary mixtures. In GC-ML, the num-
ber and identity of functional groups in a molecule are
used as inputs to an ML model to predict a target prop-
erty. It has been used for pure component properties
[14,15], but, to the best of our knowledge, not for mixture
Zhang et al. / LAPSE:2025.0318
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properties. Here, each solvent is represented by a vector
of functional groups, resulting in a more general surro-
gate model than that in [11,12]. In addition, a multi-class
classifier is developed to determine phase coexistence,
instead of relying on a binary classifier for phase stability;
this gives the ability to generate entire phase diagrams.
The framework for constructing the GC-ML model is de-
scribed in detail in the next section. The design of a bi-
nary solvent mixture for ibuprofen crystallisation is next
presented as a case study. Conclusions are developed in
the final section.

METHODOLOGY

The model construction is described in the context
of a binary solvent mixture and a solute at conditions
where the solute may crystallise and/or the ternary mix-
ture may exhibit one or more liquid phases. It is assumed
that the pressure p is fixed but the temperature T is vari-
able. The approach can be extended to other mixtures or
phase equilibria. Figure 1 illustrates the steps required to
construct the surrogate model, including data generation
and model training, and to use it in optimisation.

Data generation

A set of Ny common solvent candidates is collected
from [16]. Each solvent is decomposed into N; groups by
GCldentifier.jl [17] in Julia. The groups can either be UNI-
FAC functional groups [13] or SAFT-y Mie [18] functional
groups. The input features for the GC-ML model are two
N; -dimensional vectors of group numbers describing
each solvent, a 2-dimensional mole fraction vector and
the temperature. To obtain a diverse dataset that in-
cludes all the solvent candidates, each component is
paired with N, other solvents to create N; x N,, solvent
mixtures. Notice that not all possible mixtures within the
design space are selected. A dataset with N points is
generated by adding the solute (e.g., ibuprofen) to each
solvent pair and sampling the space of compositions via
a Sobol’ sequence [19] and the space of temperatures at
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regular intervals. A pT flash calculation is executed for
each sample with the rigorous model (phasepy [20] with
UNIFAC), to identify the stable phase configuration.
There are four possible outcomes or categories: liquid (L),
solid-liquid (SL), liquid-liquid (LL) or solid-liquid-liquid
(SLL). The resulting dataset is split into a training dataset
(80%N) and a test dataset (20%N). The sampled mixtures
are distributed across both datasets to ensure that the
model effectively learns from each functional group.

Model training

The ANN classifier is developed in Pytorch [21]. The
classifier structure, including the number of layers, the
number of neurons per layer and the activation function,
is defined before training. For the it" input, the ANN
yields four real output values, z;;, , where k€K =
{L,SL,LL,SLL} represents the category. These outputs are
normalised into the likelihood 9;, via a softmax function:

exp(~zi) vkeK,i=1,.., N (1)

Yike = Ykkek €Xp (—Zi k)
The binary label y; ,is then set to 1 for k = argmaxy;, and
keK

to O for other values of k and the cross-entropy loss
function L is given by:

L= _%Zé\;l Tkex Vir 10g(Pix) (2)
Once the loss function has been minimized, the chosen
architecture is assessed. Given that the dataset is ex-
tremely imbalanced since data points in categories LL
and SLL are rare, the Matthews Correlation Coefficient
(MCC) [22] is applied as a metric to evaluate model per-
formance instead of the more usual accuracy metrics.
The MCC score is defined as follows:

MCC = 2k X1 2m CkkCim—CriCmikc (3)

V1 k) Ck 2t Cir) Ok Zm Crem) ot X Cim)

Here C;,, refers to the number of samples in the confu-
sion matrix which are predicted as belonging to category
m while the true category is I. The MCC score takes into
account all the prediction results and varies from -1 (a to-
tally wrong prediction) to 1 (a perfect prediction). The
MCC score for the test dataset is compared to a thresh-
old MCC,,;, and the model architecture is modified by ei-
ther adding hidden layers or increasing the number of
neurons until the threshold is reached.

Optimisation strategy

To use the surrogate within an optimisation problem,
it is converted into a set of algebraic constraints via the
OMLT [23] and embedded into the solvent design opti-
misation problem in Pyomo [24]. To solve the overall de-
sign problem, a two-step approach is implemented. First,
the surrogate-based model is formulated by replacing all
equations related to phase equilibrium or stability calcu-
lations, including the thermodynamic model, with the
trained ANN classifier. The surrogate-based model in-
volves binary and continuous variables and may be linear
or nonlinear depending on the activation function.

Zhang et al. / LAPSE:2025.0318
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Additionally, process constraints may also be nonlinear.
With the surrogate model, the phase stability and phase
equilibria are replaced by constraints based on the pre-
dicted probability values 9,k € K,. To ensure a stable lig-
uid phase, the following constraints are used to ensure
k = L has the highest probability:

$. =9, Vk€{SLL,SL,LL} (4)
To approximate the phase equilibrium constraint, such as
SL equilibrium (solubility), the difference between the
likelihoods of the two relevant categories, y5; and ¥,
should be within a predefined error ¢:

(R 2 (5)
The resulting surrogate-based MILP or MINLP is then
solved to obtain optimal solvent identities, compositions,
and process conditions. Only the optimal solvent identi-
ties are retained for the second step. The second optimi-
sation subproblem is an NLP (fixed solvent identities)
which includes the rigorous phase equilibrium constraints
and a surrogate phase stability check, formulated as the
following constraint [11]:

Yo+ IsL =2 I+ Isee (6)
This constraint ensures that the probability of having one
stable liquid phase is larger than that of having two stable
liquid phases. If desired, the process of generating can-
didate solvent mixtures can be repeated by adding inte-
ger cuts to eliminate previous solutions.

CASE STUDY

Problem description

The proposed framework is demonstrated on an
ibuprofen crystallisation process [25]. At the initial state,
the ibuprofen is dissolved in a binary solvent mixture con-
sisting of solvents s; and s, at temperature T,. There are
no crystals in this state. During the crystallisation, more
solvent s, can be added to the mixture as an antisolvent
and the mixture can be cooled to temperature T. In the
present case study, the ranges of T, and T are taken to
be [293.15K, 313.15 K] and N; =48 solvent candidates
are considered. The goal of the optimisation is to select
the binary solvent mixture from the N, solvent candidates
(2,256 possible mixtures), as well as the mixture compo-
sition and temperature, that maximise the yield of ibu-
profen. The solvents combine any of N; =33 UNIFAC
functional groups and the predicted mixture properties
are compared against UNIFAC [13] as the rigorous ther-
modynamic model. More details on this case study can
be found in [11,25].

All models are trained and optimised on Windows11
using Intel(R) Xeon(R) Gold 6226R CPU @ 2.90GHz with
64GB RAM and NVIDIA RTX A4000 GPU with 16GB RAM.

Performance of multi-class classifier

A parametric study is carried out for the given num-
ber of solvent candidates and temperature ranges to
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determine the appropriate size of the dataset for training.
As a result, N,=30 is applied, leading to N x N,,=1,440
randomly generated solvent mixtures. The temperature
range is sampled every 2 K, leading to 11 temperature val-
ues. For each solvent mixture at each temperature, 400
mole fraction vectors are sampled, leading to a large set
of inputs that consists of 6,336,000 data points. The
phasepy calculations are conducted in parallel and re-
quire nearly 3 hours of wall time. An overview of the da-
taset is presented in Table 1.

Table 1: Overview of the dataset.

Category # input vectors % category
LLS 371,350 5.86%
LL 183,962 2.90%
LS 3,428,021 54.10%
L 2,333,993 36.84%
E 18,674 0.30%
# inputs 6,336,000 100.00%
# valid inputs 6,317,326 99.70%

Category E refers to input vectors for which
phasepy does not converge. This small subset is dis-
carded. As expected, the LS and L categories are most
abundant in the dataset, making up 90% of the data.

Since 33 functional groups are used to define one
solvent, the input vector has 69 elements consisting of
the two solvents, the temperature as well the mole frac-
tion of each solvent. As shown in Table 2, the final ANN
includes a first hidden layer of 80 neurons and a second
layer with 30 neurons. The number of epochs is set to 30,
and the batch size is set to 2,056 with a learning rate of
0.005. The tanh activation function is used based on pre-
vious experience to avoid introducing redundant binary
variables that can slow down convergence [12]. The
training time is mostly determined by the large dataset.

Table 2: Training statistics for the final ANN model.

Parameters Values
Activation function tanh
Model complexity [69,80,30,4]
Epochs 30
Batch size 2,056
Learning rate 0.005
Training time /s 14,032
MCC for training dataset 0.9771
MCC for test dataset 0.9698

Encouragingly, for a value of MCC,,;,, = 0.96, a sur-
rogate model that achieves a high MCC score for both
the training dataset (0.9771) and the test dataset (0.9698)
is obtained. This indicates that the surrogate model cap-
tures the nature of the phase coexistence at different
temperatures and for different mixtures. To investigate
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the performance of the trained ANN multi-class classifier,
the model is used to generate phase diagrams for four
combinations of solvent 1/solvent 2/temperature that do
not appear in the dataset: chloroform-tetrachloro-
methane (CCl4) at T=300.15 K, water-chloroform at
T=300.15 K, water-toluene at T=308.15 K and ethylene
glycol-anisole at T=308.15 K. These are shown in Fig. 2,
where the predictions from the classifier are marked with
different colours. The true phase boundaries are also ob-
tained with the rigorous UNIFAC model and are denoted
by black solid curves. The yellow dashed curves repre-
sent metastable solid-liquid equilibrium points in a region
of solid-liquid-liquid equilibrium. The predicted phase
boundaries are in good agreement between the two
models. For example, the chloroform-CCls mixture (Fig.
2a) only displays SL and L, indicating that no liquid-liquid
demixing occurs. The solubility of ibuprofen, denoted by
the black solid line, is described well by the classifier. For
the remaining mixtures, which all exhibit two liquid
phases, SLL and LL regions are indeed identified. For wa-
ter-chloroform and water-toluene (Figs. 2b-c), misclassi-
fication occurs when the composition is close to pure s;,
predicting SL instead of the true LL and SLL regions. This
probably arises from the presence of other mixtures in
the dataset that exhibit this behaviour. For ethylene gly-
col-anisole (Fig. 2d), the surrogate model does not cap-
ture the extent of the SLL region very well. There are
254,808 data points that involve anisole, only 4.69% of
which are labelled as SLL. The model tends to predict
ethylene glycol-anisole mixtures forming a single liquid
(SL or L), leading to an underestimation of the SLL region
but accurate identification of a tiny L region of pure s1
between L and LS, which is most important in solvent de-
sign for crystallisation. Overall, the data-driven model
captures the phase coexistence of multi-component mix-
tures well. Finally, parts of the solid-liquid equilibrium
boundary that correspond to a metastable equilibrium are
shown with yellow curves in Fig. 2. If the phase stability
constraint were not included in the solvent design, solu-
tions that fall on these undesirable parts of the curve
would likely be identified.

Optimisation performance

The problem is solved with the proposed two-step
approach. Details on the process can be found in [11].
Here a summary of the surrogate-based model is given:

max yield of ibuprofen (7)
s.t. process constraints (8)
mixture formulation constraints (9)

Drst = fann (Xinst) Vk € K, st € {initial, final} (10)
|9r.se — 37Ls,st| < £ Vst € {initial, final} (11)
y[‘,_gt = yk,st vk € K\{L},St € {lnltlal} (1 2)
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Figure 2: Phase diagrams generated by the surrogate model and the rigorous model for four solvent mixtures at
300.15 K or 308.15 K. The mixture is shown as s;:s, in each figure caption. The colours denote the prediction from
the surrogate model. The solid curves are the phase boundaries generated by pT flash calculations with UNIFAC.
The yellow curves denote parts of the solid-liquid equilibrium boundaries that are metastable, as computed with

UNIFAC. The regions are labelled L, LL, SL and SLL based on the results of the rigorous model.

}75L,5t > yk,st Vk € K\{SL}, st € {fll’lal} (13)

Equation (10) represents the ANN with x;, ;, referring to
the input vector at state st € {initial, final}. A value of ¢ =
0.1 is used in Equation (11). Equation (12) ensures the
mixture at the initial state is in region L. It is not necessary
to impose that the mixture be saturated at the initial
temperature, although it is desirable as it leads to lower
solvent consumption. Equation (13) ensures the final
mixtures is in the SL region after crystallisation, while
Equation (11) ensures it is close to equilibrium solubility.
Neither of the models can be solved within 3 hours
with global solvers. Instead, sBB [26] is used to solve the
surrogate-based MINLP and CONOPT [27] is used for the
UNIFAC-based NLP. Five solutions are listed in Table 3,
including the runtime needed to generate each solution,
the yield of ibuprofen from each step, and the outcome
of the phase stability check in phasepy. All the solutions
have the same optimal temperature range, from 313.15 K
to 293.15 K, except for the first solution whose final
temperature is 302.06 K. Every subproblem can be
solved within 3 minutes. This small runtime makes a more
extensive search of the design space possible. Ibuprofen
yields of around 0.77 are obtained from all instances of
step 1. In all cases apart from iteration 3, good agreement
between the yields from the two subproblems is found.
In iteration 3, a deviation of 0.051 is observed, arising
from misclassifications for the benzene-p-cymene
mixture. All the solvent mixtures designed only present

one liquid phase at both the initial and final states, which
satisfies the stability check. This is in contrast to
approaches in which this constraint is only enforced a
posteriori [25]. Applying data-driven surrogates of phase
stability to assist solvent design in CAM®D results not
only in lower computational cost but, more importantly, in
more reliable solutions.

CONCLUSIONS AND FUTURE WORK

We proposed a multi-class classifier for predicting
phase coexistence and stability. The group contribution
concept was adopted to represent solvent candidates
with a vector of functional groups, leading to a GC-ML
ANN that can predict a whole phase diagram. This frame-
work was tested on a crystallisation optimisation problem
with ibuprofen as the target compound. The results
showed that the trained classifier can generate phase di-
agrams for unseen mixtures with sufficient accuracy for
use in CAMPD. A two-stage strategy was proposed to ob-
tain solutions to the crystallisation process optimisation
problem. High-quality designs were obtained, exhibiting
a homogeneous liquid phase as desired. The proposed
classifier surrogate offers a promising alternative for the
formulation of CAMPD problems. However, misclassifica-
tions arising from the data-driven model can occasionally
misdirect the search to a suboptimal or infeasible solution.
Future work will thus focus on developing strategies such
as active learning to improve model accuracy.

Table 3: Optimal binary solvent mixtures for the ibuprofen crystallisation process via the optimisation.

Iter. Runtime/s Solvent A: Solvent B Yield (Step 1) Yield (Step 2) Phase stability (initial: final)

1 137.20 DMSO: Formic acid 0.784 0.799 L:L

2 74.14 Formic acid: Anisole 0.779 0.770 L:L

3 112.72 Benzene: p-Cymene 0.779 0.728 L:L

4 145.23 Anisole: Formic acid 0.766 0.770 L:L

5 124.84 Chloroform: Hexane 0.764 0.752 L:L
Zhang et al. / LAPSE:2025.0318 Syst Control Trans 4:1035-1040 (2025) 1039
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