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ABSTRACT

Manufacturing kinetically stable products remains a challenge in the agrochemical industry. Cur-
rent agrochemical formulation design relies on semi-empirical and trial-and-error methods. The
inconsistency is caused by the lack of a mechanistic understanding of the formulation, making the
design a black-box optimisation problem. In addition, validating the ground truth of the high-di-
mensional design space is expensive, driving chemists to explore possible solutions using data-
driven methods. We proposed a Bayesian optimisation framework employing a Gaussian process
as the surrogate model to intelligently guide the screening of the design space. The uniqueness
of our framework is the application to the classification task to increase the number of hits of
stable formulation recipes. The framework was tested on a provided industry dataset with a focus
on emulsifiable concentrates. The performance reached a comparable accuracy with only ~25%
of the data being sampled and hit more stable formulations than a Monte Carlo search. Our frame-
work accelerates the discovery of stable recipes and guides formulation screening.

Keywords: Agrochemical Formulation, Bayesian Optimisation, Gaussian Processes, Space-Filling Designs, Ma-

chine Learning

INTRODUCTION

Developing stable and effective agrochemical for-
mulations — specifically Emulsifiable Concentrates (EC)
remains a challenging bottleneck in product develop-
ment. The formulation design space is high-dimensional
and is characterised by limited mechanistic understand-
ing of the complex chemical interactions between active
ingredients, surfactants, and solvents when diluted in
water [1]. Conventionally, these complexities are ad-
dressed through iterative trial-and-error campaigns [2].
However, these methods are inefficient for exploring vast
compositional design spaces and often fail to identify op-
timal formulations within tight industrial timelines. More-
over, the identification of subsequent candidate formula-
tions is non-trivial. As empirical models often fail to gen-
eralise, researchers are forced into unguided experi-
mental loops that waste materials and stall development.

Modelling this black-box function presents common
constraints in chemical engineering: the gradient infor-
mation (Vf) of the chemical interaction is usually
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unknown; thus, gradient descent methods cannot be ap-
plied [3]. Another challenge is that the cost of evaluations
(experimental validation) is also expensive in labour and
time to verify the function sufficiently.

To address these limitations, we present a data-
driven, closed-loop Bayesian optimisation (BO) frame-
work that systematically accelerates the formulation de-
velopment process. Unlike the traditional design of ex-
periments (DoE), our approach employs BO to actively
learn the composition-stability relationship. By treating
the formulation problem as a classification task (homo-
geneous vs. inhomogeneous), the framework iteratively
proposes the next set of experimental candidates to
maximise the probability of identifying a homogeneous
recipe.

METHODOLOGY

Mathematically, the challenge can be formulated
into x € arg max,f(x) where the design space is repre-
sented by X cR? and the black-box function is
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represented by matching the input x with output f(x).
Modelling the black-box function f is usually expensive
in the chemical engineering field, due to the following
constraints:

* No analytical form. The underlying
physics/chemical reactions between materials are
difficult to evaluate and express in closed-form
equations.

» Derivative-free. The gradient information Vf(x) is
unknown. The gradient descent approach can’t be
applied.

= Expensive evaluations. Conducting experiments
to verify the function can be costly.

Bayesian Optimisation

BO is a sample-efficient, iterative strategy designed
for the global optimisation of expensive, black-box ob-
jective functions. Unlike Random Search or traditional
DoE, which typically rely on static, pre-determined sam-
pling plans, BO is inherently adaptive. It intelligently
guides subsequent experiments by balancing the model's
explored region (exploitation) with the unexplored region
(exploration) [4]. This allows the algorithm to focus the
search on the most promising areas of the design space,
achieving the optimal solution with significantly fewer ex-
perimental runs than conventional methods.
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Figure 1. The iterative cycle of BO.

The BO procedure is an iterative strategy designed
to optimise computationally expensive black-box func-
tions. The workflow is characterised by the following
stages:

(1) Initial Sampling: An initial set of experimental
observations is collected.

(2) Data Parameterisation: The raw experimental
inputs and corresponding outputs are transformed
into a structured database for mathematical
modelling.

(3) Surrogate Model Construction: A probabilistic
surrogate model—most commonly a Gaussian
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Process (GP)—is trained on the available dataset
to approximate the underlying objective function.

(4) Acquisition Function Evaluation: An acquisition
function is employed to balance the exploration-
exploitation trade-off. It utilises the surrogate
model’s mean predictions and associated
predictive uncertainty to identify the most
promising candidate for the next iteration.

(5) Iterative Optimisation: The suggested candidate is
experimentally validated, the resulting data is
appended to the training set, and the model is
updated. This cycle repeats until a predefined
termination criterion is reached.

The BO contains two core components: a surrogate
model and an acquisition function. The surrogate model
acts as the inference tool of the optimisation process, up-
dating the probabilistic model given sampled data D, =
{(xi,yi)}lle. The acquisition function is the decision maker,
selecting the next point x,,; to sample by balancing ex-
ploitation (sampling regions known to be more promising)
and exploration (sampling regions with higher uncer-
tainty) using a predefined hyperparameter.

A Gaussian process is usually considered as the
gold standard surrogate model as they provide reliable
uncertainty estimates, analytic tractability and sample ef-
ficiency [4]. The Gaussian process is defined by a mean
function m(x) and a covariance function (also known as
the kernel) k(x, x"):

FGO~GP(m(x), k(x, x")), €))

both mean functions m(x) and covariance function k(x, x")
are the prior beliefs of the objective function. They are
critical in training as they assume the smoothness and
periodicity, before any data is observed by the model.
The mean function is usually considered to be m(x) = 0,
while the selection of the covariance function is trickier.
The Matérn kernel family offers a good balance between
smoothness and noise-handling. The Matérn kernel
ko p: X: X is defined by:

1 (x/ian»]; - x'||>°‘ K. (w)

1 1(q) -(2)

ka,h(x5 x’) =

Where T is the gamma function, and K, is the modi-
fied Bessel function of the second kind of order « [5].
More details of the Gaussian process can be found in [6].

The other core component of BO is the acquisition
function. In this work, we employed the Upper Confi-
dence Bound (UCB) as the acquisition function. The UCB
is defined as:

aycp(X) = u(x) +x - o(x), 3

where u(x) and o(x) are the mean and standard deviation
of the prediction from the surrogate model, respectively,
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and x is a predefined hyperparameter to balance exploi-
tation and exploration. Compared to other acquisition
functions, UCB is mathematically straightforward, intui-
tive, and based solely on the prediction and its uncer-
tainty.

Space-Filling Designs

Space-filling designs aim to encourage the diversity
included in the dataset, resulting in not only saving com-
putational calculations but also leading to a more sophis-
ticated model in interpolation/extrapolation by providing
a better coverage or representation of the design space
[71, [8]. In this work, we considered 3 space-filling design
methods with random sampling.

Latin Hypercube Sampling (LHS) is a space-filling
design strategy that improves upon simple random sam-
pling by ensuring one-dimensional uniformity. For each of
the k input variables, the range is divided into n equally
spaced intervals, with exactly one observation per inter-
val. Mathematically, a design point d;; (representing the
i-th run and j-th factor) is calculated using the formula
d. = Lij+(n-1)/2+u;;

1y n

n levels (specifically taken as —(n—1)/2 to (n—1)/2)
which determines the specific interval, and u;; is a ran-
dom number between 0 and 1 that provides a random po-
sition within that interval. This stratification ensures that
the variance of the LHS estimator is lower than that of
simple random sampling, specifically by subtracting the
variance contributions of the main effects. As one of the
most popular space-filling design strategies, LHS offers
areduction of the variance of the sample mean compared
to random sampling and provides better coverage of the
range of each input [9].

Sobol Sequence is a quasi-random number genera-
tor which offers lower discrepancy compared to a ran-
dom number generator. A pseudo-random number gen-
erator can cause the data points to cluster together, leav-
ing a large area unexplored. Unlike random sampling,
where the discrepancy decreases probabilistically, Sobol
sequences are constructed using radical inversion in
base-2 to ensure the discrepancy decreases, resulting in
a faster conversion rate [10].

Neither the LHS nor the Sobol sequence directly se-
lect samples from the existing database; instead, they
generate a list of theoretical coordinates to sample. To
sample from the existence database, samples are se-
lected by comparing the distance between each data
point to match the theoretical points proposed by both
generators with the same dimension. Euclidean distance
d(p.q)=llp—qll> =3 (pi—q)’ is used to measure the
distance between data points pairwise.

Maximin distance design is more intuitive. By start-
ing with a random sample, the algorithm iteratively se-
lected samples that maximise the minimum Euclidean

, while [;; is a value from a permutation of
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distance (can be substituted by other distance
measures) from the sampled data points. This algorithm
ensures that no data point will be close to other data
points pairwise, thus ensuring a maximum spread of the
samples.

CASE STUDY

To evaluate our framework, we utilise an experi-
mental dataset provided by Syngenta. The data was gen-
erated using a customised automated robotic platform
specifically designed for high-throughput formulation
design and screening. Our goal is to validate the frame-
work using an experimental dataset by sampling only a
proportion of the data and testing the model with unseen
data points. In the context of this case study, our optimi-
sation objective is to maximise the probability of identi-
fying a kinetically stable (homogeneous) formulation us-
ing BO. The underlying objective is to optimise for the
most stable formulation composition. The optimisation
variable defining our design space is the continuous
weight percentages of the raw materials comprising the
formulation product. Consequently, unguided formulation
screening is time and cost-intensive; thus, we employed
BO to accelerate the screening process.

Formulation Composition and Design Space

The dataset focuses on EC formulations. These for-
mulations consist of a mixture of active ingredients (Al),
solvents, and emulsifiers. To ensure a robust evaluation
across a diverse chemical space, a total of 25 raw mate-
rials were tested:

= Active ingredients: Five unique Al and control
formulations containing no active ingredients.

= Solvent Systems: Five unique solvent systems,
comprising blends of two or three solvents (from
11 unique solvents) at various ratios.

=  Emulsifier Systems: A primary anionic emulsifier
along with six different co-emulsifier systems,
each a blend of two emulsifiers selected from a
pool of nine non-ionic emulsifiers.

Data Acquisition

Following preparation, the EC formulations were di-
luted in water at a 1:100 ratio to simulate practical manu-
facturing conditions. Kinetic (short-term) homogeneity
was assessed 24 hours after dilution using a high-
throughput image module.

To maximise information gain and capture subtle
stability characteristics, the photography module utilised
a multi-exposure technique. Each final data point is a
concatenated image with a resolution of 9328 x2550 pix-
els. These high-resolution images are an aggregation of
13 separate captures taken at varying exposures and
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Category Components Count Percentage/Details

Dataset Statistics Total Samples (N) 811 100%
Homogeneous 341 42.05%
Inhomogeneous 470 57.95%

Formulation Components  Active Ingredients (Al) 5 Plus Al-free controls
Solvent Systems 5 11 unique solvents
Emulsifier Systems 6 9 unique emulsifiers

Total Unique Materials 25

Table 1. A detailed description of the dataset and label distributions.

laser intensities.

Data Labelling & Distribution

The labels of all the formulations are evaluated via
an automated image analysis tool designed to classify
formulations based solely on visual characteristics. This
tool achieved a binary classification accuracy of 94.83%,
providing a highly reliable and scalable method for pro-
cessing large image batches.

As summarised in Table 1, the final dataset consists
of 811 samples. The distribution is relatively balanced,
with 341 samples (42.05%) labelled as homogeneous and
470 samples (57.95%) labelled as inhomogeneous.

The model's input is compositional data, consisting
of the weight percentages of each unique material. The
input has been transformed using the centred log ratio
(CLR) transformation and a standard scaler to make the
model more sophisticated. The CLR transformation is
used to handle the feature of compositional data (all data
points have a constant sum) and preserves the mean dis-
tances [11]. The dataset was partitioned into two subsets
using a 70:30 ratio. Seventy per cent of the data consti-
tuted the sampling pool, from which all initial and subse-
quent samples were drawn. The remaining 30% func-
tioned as a held-out test set to evaluate model perfor-
mance.

Optimisation Strategy

Since we are working on a classification rather than
a regression model, we employed a different approach
than Gaussian process regression. The construction and
training of Gaussian process models are carried out using
the Python library GPflow [12]. A Gaussian process clas-
sifier (GPC) can be slightly different to a regression task.
A latent function must be applied to convert the output to
the desired likelihood, which is a Bernoulli likelihood for a
binary classification problem.

We have chosen Matérn kernel with o = 5/2 (also
known as the Matérn 5/2 kernel) as it provides a
smoother result than other common hyperparameters.
The GP models’ other parameters, such as length scale
and variance will be optimised by the GPflow library. The
hyperparameter x of UCB was chosen to be 1.5 to bal-
ance exploitation and exploration.
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RESULT

We applied our framework to the provided dataset
with an initial sample size of 100 and ran 50 iterations. As
illustrated in Figure 2(a), the diverse sampling strategies
fluctuate in performance but generally demonstrate the
ability to achieve high predictive accuracy with signifi-
cantly reduced data requirements. While the baseline
model required 500 random samples to achieve an F1
score of 71.9%, the BO framework achieved comparable
F1 scores (ranging between 0.6 and 0.8) with only 100 to
150 samples. Among the space-filling designs, the Sobol
Sequence demonstrated strong potential, peaking above
the baseline in the final iterations. This framework re-
duced the experimental burden by approximately 70%
compared to the baseline random sampling required to
achieve the same F1 score.

This underperformance may be attributed to the
tendency of Maximin distance designs to prioritise the
boundaries of the design space. Consequently, the cen-
tral regions remain undersampled, leading to poorer gen-
eralisation in those areas compared to Sobol or Random
initialisation.

Figure 2(b) details the efficiency of the framework
in locating stable (homogeneous) formulations. The ef-
fectiveness of the BO approach is evident when com-
pared to the Monte Carlo baseline (grey dashed line),
which represents a pure random search without model
guidance. The figure shows that the Gaussian model us-
ing random sampling achieves the highest hit rate (35
found), while demonstrating no superiority over LHS (33
Maximin distance (26 found). Whereas all Gaussian mod-
els found more homogeneous samples than a pure ran-
dom search (19 found).

The result demonstrates the advantages of our
framework, as all four different initial samplers captured
more homogeneous formulations than the Monte Carlo
method. This highlights the limitations of traditional trial-
and-error approaches, which suffer from inconsistency
and the inability to intelligently guide the search toward
promising compositional regions.
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CONCLUSIONS AND FUTURE WORK

This study presented a data-driven, closed-loop BO
framework designed to address the inefficiencies in tra-
ditional trial-and-error practice for agrochemical formu-
lation design. By treating the formulation design of EC as
a binary classification task (homogeneous vs. found), the
Sobol sequence (30 found), and outperforming inhomo-
geneous, we successfully demonstrated the framework's
ability to navigate a high-dimensional design space with
limited mechanistic understanding using Gaussian pro-
cess models.

The next step will be applying the framework to a
larger dataset to validate its performance against a da-
taset with higher dimensions and more samples. In addi-
tion, the idea can be applied to a multi-class classification
task, but perhaps with slightly different approaches.

DIGITAL SUPPLEMENTARY MATERIAL

Due to commercial confidentiality, specific compo-
sitional data cannot be provided. However, we have
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included representative images captured by the camera
module of the automated formulation system:
https://github.com/yipeizhao/ESCAPE-material.
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