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A method for process optimisation using Bayesian optimisation (BO) in combination with a continuous flow
photoreactor is presented. The photodegradation of an azo dye, as a proof-of-concept model reaction,
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using a novel TiO, coated catalytic static mixer (CSM) was optimised using this BO method. The optimal
temperature and flow rate were found after conducting 17 experimental runs, with an overall experiment
run time of 21 hours. With full automation of the reactor into a closed loop system, this optimisation

process can be carried out in under one day with almost no human intervention. Importantly, the algorithm
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1. Introduction

Chemical reaction development and optimisation has
changed little over the past century. It continues to rely on
human operators to carry out the design, discovery,
optimisation, substrate scope and application of new
chemical processes. The creative aspects of this process most
suited to human exploration are in the discovery and
application =~ domains.  Reaction  optimisation  and
determination of substrate scope are important albeit
repetitive processes that take a great deal of operator time
and resources.

Recently, machine learning (ML) optimisation routines
were introduced to flow chemistry to identify the best
reaction conditions in a complex multiparameter space.' In
this work, we aimed to develop an autonomous routine,
interfacing with a continuous flow reactor platform, to
optimise heterogeneous photochemical transformations for
any given output parameters. As well as meeting the
challenge of efficient simultaneous optimisation of multiple
process parameters, our method autonomously adjusted for
marked catalyst degradation. This degradation leads to
considerably reduced yield over time even when repeating
identical process conditions. Human experimenters could
modify the experimental configuration to mitigate such
degradation (commonly encountered experimentally) to
acceptably low levels before commencing optimisation; or
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presented successfully accounts for the challenges of catalyst degradation during processing.

they could abandon the catalyst altogether and search for
another. Our work avoids this need by automatically finding
the optimal product yield for a target photochemical
reaction, despite catalyst degradation.

The photocatalytic degradation of the azo dye, reactive
orange 16, was selected as a model reaction for process
optimisation. Azo dyes are the largest group of colourants,
constituting 70% of all organic dyes produced in the world.*
The acute toxicity of azo dyes is low.” However, the azo
linkage may easily be broken down by the enzyme
azoreductase found in microorganisms, mammals and
humans.®” The resulting constituent aromatic amines have a
high level of acute and chronic toxicity and carcinogenicity.®’
Approximately 2-50% of dyes are lost in the effluent during
the dyeing process. These are normally discharged into water
bodies."® These coloured discharges are not only aesthetically
displeasing; they also pose ecological and public health risks.

Common wastewater treatment processes such as
adsorption on activated carbon, flocculation and
electrocoagulation are ineffective, costly and often produce
secondary wastes."” Thus there is a need to develop efficient
systems leading to complete breakdown of organic
pollutants, so that cheaper biological processes can be used
as a second stage to achieve complete mineralisation.
Photochemical wastewater treatment has been proposed as
a potential solution. The combination of a semiconductor
such as TiO,-P25 (Degussa), ZnO, Fe,O3;, WO; or CeO,
(among others) with UV light has shown great promise in a
research setting.”>™*® A challenge exists as photocatalysts are
traditionally applied in the form of suspensions or
slurries.””*® Therefore, use of applied heterogeneous
photocatalysis remains practically challenging due to the

This journal is © The Royal Society of Chemistry 2024
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need to separate the TiO, nanoparticles from the treated
wastewater prior to release of the water. This also makes
recycling the catalyst impractical and the opaque slurry
mixture inhibits efficient use of the available photons.**
These difficulties can be overcome by immobilising TiO, on
support substrates such as beads inside tubes of either
glass, Teflon, fiberglass, or woven fibres.”> Additional
operating parameters which must also be considered
include the type and geometry of photoreactor, the
photocatalyst, the optimal use of energy, wavelengths of the
radiation and effective irradiation in a scattering and
absorbing heterogeneous medium.>*

Recent developments in the design of continuous flow
photoreactors with immobilised TiO, on a solid surface have
attempted to overcome many of these concerns.>*>® Our
approach to the field of continuous flow heterogeneous
catalysis has been via the development of specially designed
3D printed catalytic static mixer inserts (CSMs).>° These
present a series of improvements including robust and
flexible mixer design, superior process control, one step
catalyst coating and ease of scalability.**** This aspect of
flexible mixer design has allowed the traditionally tubular
CSMs to be adapted easily for insertion into a commercially
available Creaflow HANU-15 flow reactor (Fig. 1).** Limited
examples using a static mixer as a TiO, support for
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Fig. 1 (Top) planar catalytic static mixer design adapted for
continuous flow photocatalysis (Australian registered design:
202110400); (centre) coated CSMs containing a catalytically active
TiO; layer and (bottom) modified Creaflow HANU HX-15 photoreactor
incorporating the CSM under UV-LED illumination.
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continuous flow photochemistry have been reported.**® Our
reactor system has further enhanced temperature control and
in-line detection (via UV-vis) capability, in addition to full
software  control allowing for MkL-assisted process
optimisation.

One challenge in such reactions is due to unwanted
photocatalyst deactivation. Even modest rates of catalyst
deactivation can strongly affect the integrity of experimental
data, making reaction optimisation difficult or impossible.
We demonstrate these challenges using continuous in-line
monitoring of the dye decomposition process. The
photoinduced deactivation in heterogeneous systems is
attributed to irreversible adsorption of by-products, site
blocking by carbonaceous residues or foreign particles on the
catalyst surface.”” Several strategies to regenerate the
photocatalyst have been proposed, including treatment with
water vapour, high temperature treatment, oxidation with
H,0, and UV irradiation.>>*® We integrated in situ catalyst
regeneration with in-line continuous monitoring of the dye
decomposition. We also modified our governing algorithm to
estimate the effect of catalyst degradation in the observed
data automatically and allow for this effect while optimising
the process parameters.

The contributions of this paper are as follows:

1. We evaluate a novel TiO, coated CSM for continuous
photocatalytic degradation of the azo dye, reactive orange 16.

2. We successfully demonstrate a machine learning
algorithm for automatic process optimisation of our reactor
system.

3. We provide a novel method that deals efficiently with
the aforementioned catalyst degradation issue.

2. Experimental
Materials

All reagents and solvents were used without further
purification. Reactive orange 16 (dye content >70%) was
obtained from Sigma Aldrich, hydrogen peroxide (30%)
from Merck and Degussa P25 titanium dioxide powder

from Nanoshel.

Catalytic static mixer preparation

A 3D printed static mixer was designed to fit within the
illuminated window of the Creaflow HANU-15 flow reactor
(Australian registered design: 202110400).*° The mixer design
has been optimised to maximise light accessible surface area,
catalytic surface area and mixing performance. The basic
geometry consists of a flat plate with raised, offset crescents
on the upper surface to disrupt and direct flow, promoting
fluid mixing. The mixer elements were then coated with an
industry standard photocatalyst Degussa P25 (TiO,) from a
slurry containing hydroxypropyl cellulose (HPC, 0.5 wt%)
drying at 120 °C. Final catalyst loadings were 3.0 and 3.3%
for the two inserts used in the reactor giving a final reactor
volume of 6.24 mL.
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Reactor configuration

The dye solution was pumped into the modified Creaflow
HANU-15 flow reactor using a Knauer Smartline 100 HPLC
pump with reactor heating achieved with a Julabo Presto A40
temperature control system. System pressure was monitored
using a GEMS 3100 pressure transmitter with back pressure
maintained using a Equilibar ZF Series Precision Back
Pressure Regulator with Electronic Pilot Controller. The
reactor was equipped with a bank of 6 Kessil PR160L LED
lights emitting over a narrow range (~350-420 nm) centred
on 370 nm. For safety the LED lights are enclosed in 3 mm
thick, clear, Perspex (product VE 003) which absorbs 99.99%
of all incident UV light below 400 nm. In-line UV-vis analysis
was achieved using a Unigsis Flow-UV equipped with PFA
flow cell. Both the reactor and spectrometer were controlled
and monitored via LabVIEW software.

UV-vis calibration

A calibration curve was prepared for Reactive Orange 16 over a
range of concentrations from 0.1 mg L™ to 1000 mg L™". The
absorbance peaks at 235 and 315 nm are due to the benzene
and naphthalene rings, and the absorbance peak at 480 nm is
due to the azo linkage of reactive orange 16. During
photodegradation the absorbance at 480 nm is expected to
decrease rapidly while the absorbance at 235 nm will remain
largely unchanged as the intermediates resulting from the
photodegradation of the azo dye still contain the benzene ring.
The calibration curves indicate that the dye can be quantified
over a range from 10-1000 mg L. Plotting the calibration
curve over this range gives an excellent linear fit with R* =
99.85% and ¢ = 0.00246 for the 495 nm peak (azo linkage).
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General procedure

A stock solution of reactive orange 16 dye was prepared in
deionised (DI) water (100 mg L") and passed through the
Creaflow HANU-15 flow reactor at 7.47 mL min™' at a
temperature of 67.2 °C (internal) under a pressure of 10 bar
and 370 nm UV illumination (Fig. 2). As the dye progressed
along the reaction window with a residence time of 49
seconds it was observed to change from bright orange in
colour to clear. The product stream was directed through the
flow-UV cell with continuous monitoring of the azo linkage
wavelength (495 nm). A conversion of 84% (102% s™') was
achieved under these conditions.

The amount of dye passing over the catalyst since its last
regeneration was recorded, and a new regeneration
performed whenever this figure reached about 100 mg.
Regenerating the catalyst only every 3-5 experiments
represents a clear gain in efficiency. Regeneration of the
catalyst was achieved by passing 200 mL of 1 M H,0, over
the catalyst (5 mL min™", 20 °C, 10 bar) with UV illumination
at 370 nm. The H,0, was then washed from the reactor with
DI H,0 (10 mL min™", 10 min).

3. Method

Bayesian optimisation

Bayesian optimisation (BO) has emerged as the leading
method for global optimisation of systems where only a
limited number of data points can be obtained, due to time
constraints or cost.”” The power of this method has been
demonstrated by comparisons with expert human decision
making and other conventional optimization methods.*" It
has seen significant success in its application across a wide
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Fig. 2 Overview of the flow reactor configuration for continuous azo-dye reduction. The orange dye solution is pumped from the feed tank into
the heated Creaflow HX-15 reactor module where it passes over the TiO, coated catalytic static mixers (CSM) and is exposed to UV light (370 nm).
The azo-dye linkage is broken during the reaction giving a colourless product. The remaining dye is quantified by in-line UV-vis after which the
products are collected. The reactor system including peripherals and the UV-vis are controlled and monitored via software.
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variety of applications ranging from hyperparameter tuning®>
to aerospace design.*>** In the manufacturing and materials
science space, BO has been applied in combination with
density functional theory (DFT) in the design of various alloys
to improve their performance.*>*® Similarly, BO has been
used for high-quality nano-fibre design where the
requirements of fibre length and diameter were met within a
handful of optimisation iterations, which greatly sped up the
production process.”” Most recently, BO has been used to
great effect in design of experiments for materials
discovery.*"*871

Here, we consider the problem of optimising an objective
such as material yield obtained through a chemical reaction.
The input conditions for the experiment (e.g. process
variables such as temperature and pressure) are summarised
in a vector x.

The optimisation is performed through a series of T
experiments on Xxj, X,... X To achieve this, BO uses a
function f as a surrogate model of the relationship between
reaction input conditions and the objective. Typically, f is
assumed to be a smooth function; commonly a Gaussian
process (GP) is used (other options such as random forests
could also be used).*””> The GP models an underlying
probability distribution over possible functions f and
represents this distribution using a learned mean and
covariance function. Under this setting, an estimate for f can
be sampled from the GP.

The surrogate model is successively updated by
running new experiments. At a given optimisation
iteration ¢, an acquisition function a/x) is constructed.
The next input configuration is chosen among all
possible values such that:

X1 = argmax a(x)
X

Since we derive our acquisition function from the

surrogate model, it can be optimised using standard
optimisation techniques.

Choice of acquisition function

We use expected improvement (EI) as our choice of
acquisition function.”® At a given iteration ¢, the
improvement function is given as:

I{x) = max{0, f(x) = y'}

where y," denotes the best objective value recorded in
experiments up to and including iteration ¢. We denote
G A
T oix)
mean and variance of f after ¢ iterations. The closed form of
the EI acquisition function can be obtained by taking the
expectation over the improvement function I:

y = 7,(x) where y,(x) and o,%(x) are the predictive

or"(x) = BlI{x)] = o{x)9(y) + (udx) = ye ) ()
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where ¢ and @ are the probability density and cumulative
distribution functions of the standard normal distribution
respectively. In the case o, = 0, we define of'(x) = max{0, u,(x)
- y/'}. This function balances exploitation of input conditions
known to give good experimental outcomes with exploration
of new parts of the input configuration space where the
model is currently less certain.

System overview

The initial parameter configuration for the photoreactor may
be chosen at random within a predetermined range for each
parameter input. Our experimental setup incorporates two
parameters to be optimised: the set flow rate, which ranges
from 0.1 to 10 mL per minute and the set reactor temperature,
which ranges from 20 to 80 °C. These values are output to a
parameter file used as an input to the Reactor Control
Software, coded in LabVIEW. This sets the flow rates for the
pumps, temperature, pressure, and light intensity to be used
in the photoreactor. The remaining dye after each experiment
is measured in a UV-vis spectrometer, also controlled using
LabVIEW software. The output data file from this software is
then processed to consolidate results down to a single
measure of yield output for the experiment, in this case the
total conversion as a percentage of initial dye concentration.
Conversion per minute of residence time was chosen as the
response variable to be maximised by a Bayesian optimisation
(BO) algorithm. This gives a measure of system throughput
and overall efficiency, balancing the tendency of longer
residence times to give higher conversion with the need to
process reagents at an efficient rate. The next parameter
configuration to be used is chosen using a BO algorithm
based on the accumulation of collected data. The flow of data
in the experimental setup is depicted in Fig. 3.

Surrogate model design

A Gaussian process surrogate model was implemented in
Python using the GPy framework. The covariance function x
is commonly referred to as the kernel of a Gaussian
process,> with the choice of kernel type being based on
assumptions such as smoothness and likely expected
patterns in the data. We use a constant mean Gaussian
process and the Matérn®® kernel such that:

Kvatémnsz () = a(l + X 4 et

where ¢ is an output scale parameter, r represents the

Euclidean distance between design points x; and x, and { is
the length scale parameter of the kernel.

4. Results

Initial scoping experiments were performed to demonstrate a
proof-of-concept for the continuous, heterogeneous azo dye
decomposition using our catalytic static mixer technology. It

React. Chem. Eng., 2024, 9, 872-882 | 875
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Fig. 3 A schematic diagram of data flows in the design of experiments setup for measuring the photocatalytic degradation of an azo dye using a
static mixer under continuous flow. As shown the ML algorithm of choice in this setting is a Bayesian optimisation framework which can take
observed outcomes of previously performed experiments and suggest the next experiment to perform. Lines in orange indicate where intervention

by a human operator is required in the current optimisation loop.

was found that the reaction proceeded smoothly with generally
high under mild conditions. Continuous
monitoring of the reaction output by UV-vis clearly reflected the
reactor filling with dye up to the stock solution concentration
(72.2 mg L™). Subsequently, the UV lights were activated, and
the dye concentration was observed to decrease to a minimum
of 251 mg L™ after an additional 51 min (Fig. 4). After
maximum conversion was reached, the dye concentration
increased at a linear rate of 9.03 x 10> mg L™ min™" (R* =
0.988). This is attributed to a decay in catalyst activity caused by
fouling of the catalyst surface by unreacted dye. This was
observed as a persistent orange discolouration of the otherwise
white TiO, surface.® Deactivation of photocatalytic systems
remains a serious issue; yet, despite its importance for
commercial applications of the technology, comparatively few
studies of the mechanisms of deactivation, regeneration and
photocatalyst lifetime have been carried out.>”
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Fig. 4 Photocatalytic decomposition of reactive orange 16 dye over
Degussa P25 TiO, catalyst using a 370 nm led light. The extended 5 h
reaction shows an initially high dye conversion followed by a slow
decay in catalyst activity. Conditions: residence time = 2.17 min,
temperature = 20 °C and reactor pressure = 10 bar.
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The observed loss of catalyst activity was found to persist
between experiments despite washing the reactor with
deionised water. An efficient, in situ method for catalyst
regeneration was adapted from Miranda-Garcia (2014)
whereby 1 M H,0, solution (200 mL) was passed over the
catalyst surface under UV illumination followed by DI H,O to
restore 100% of the original catalytic activity.”” The ability to
regenerate the catalyst multiple times using this method was
demonstrated in a series of 6 experiments carried out under
the same conditions (residence time = 2.17 min, T = 20 °C)
with the catalyst regenerated after each experiment. From
these the conversion per minute was calculated along with
the decay slope (Fig. S1t). It was found that the catalyst could
be regenerated several times using this method to recover its
original activity. The slope of decay in catalyst activity also
remained consistent between runs. This suggests that the
rate of catalyst activity loss could be expected to remain
stable over the course of several experiments. This allows for
multiple experiments to be run without the need for catalyst
regeneration between each one if the total amount of dye that
is passed over the catalyst is considered by the model.

Further experiments were then carried out at varying flow
rates to determine if this affected the decay slope (Fig. S27).
It was found that the rate of decay changed with flow rate. As
flow rates increased, the decay slope decreased. This is likely
due to (i) shorter contact of the dye and catalyst surface and
(ii) more efficient removal of the dye and decomposition
products from the catalyst surface under a higher flow
velocity. The change in decay slope with flow rate was found
to fit a reciprocal function of flow rate (R* = 0.98). This is
consistent with the fact that the time that dye is in contact
with the catalyst surface decreases with increasing flow rate.
This along with more efficient mixing at higher flow
velocities leads to better removal of unreacted dye and
reaction products.

This journal is © The Royal Society of Chemistry 2024
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To begin optimising the reaction conditions, six
experiments were performed to provide the model with data
points over a range of conditions (Table S1}). The algorithm
considered the measured flow rate (mL min™"), internal
reactor temperature (°C), measured initial dye concentration
(as determined by UV-vis), conversion (%, UV-vis) and the
cumulative total of dye that had passed over the catalyst
surface (mg). Reactions were then carried out individually,
passing the results to the BO algorithm each time to
generate the next experiment. Fig. 5a shows the progress of
the algorithm towards an optimal solution. Despite the
presence of experimental error and catalyst degradation, the
algorithm converged to the optimal conditions (high flow
rate and high temperature) within 17 experimental runs.
The overall experiment run time was 21 hours. In the
system's current state, runs can continue with minimal
human supervision, only needing conditions generated by
the BO model to be input into the reactor control software
and the UV-vis results to be passed back to the BO model
for processing and the generation of the next set of
conditions. The processes where human intervention is
required, (i) inputting values into control software and (ii)
processing data to obtain the key performance variable, are
both amenable to further automation. As such, if full
automation, including a feedback loop system, were
implemented then this reaction could have been optimised,
completely autonomously, in under one day of operation.
The process of optimising processing conditions could
feasibly be included within a larger experimental program,
for instance optimising catalytic yield from a reaction for
each of several different catalysts or reagents.

Fig. 5b shows the improvement in dye conversion per
minute of over successive experimental runs. As shown in
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Fig. 5a, all experiments designed by the BO algorithm have
higher flow rate, and from the fourth experiment onwards
the algorithm also chooses higher temperatures. Fig. 5b
illustrates how catalyst degradation caused periods of
reduced conversion, but the BO model was able to continue
to improve its designed configurations over time. The
algorithm achieves a new high conversion per minute
immediately following regeneration.

Addressing catalyst degradation

A novel aspect of our implementation relates to the
observed  degradation of the  catalyst: repeated
implementations of the same experimental conditions lead
in general to gradually reducing levels of product caused by
fouling of the catalyst surface by unreacted dye. Such
degradation is a common feature of catalyst systems,
though rarely explicitly addressed. This effect leads to
inaccuracies in modelling. The chosen reaction, as Fig. 6
shows, is one in which the effect is very strong - but even
in less marked cases, optimisation methods will be at an
advantage if they are able to adjust for such effects.

Our approach to address this issue is to incorporate
degradation in the BO surrogate model. We include the total
amount of dye that has passed over the catalyst since the
most recent catalyst regeneration in the model to allow for
gradual catalyst degradation. This explicitly accommodates
the likely physical mechanism for catalyst degradation and is
thus more appropriate than simply allowing for gradual
degradation over time.

While the BO algorithm maximises reaction yield, it
simultaneously builds up an internal representation of the
effect of catalyst degradation. Fig. 6 is extracted from the
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(a) Set pump rate and temperature for each experimental run. After the first 6 data points temperature and flow rate are configured

according to our BO algorithm. (b) Conversion per minute of azo dye decomposition over several experimental runs. Although the conversion per
minute decays because of catalyst degradation between regenerations, the overall trend of conversion per minute is upwards. Experiments were
performed either immediately after catalyst regeneration (red points) or without regenerating the catalyst between experiments (blue points). The

BO algorithm selected all data points after the first six, as shown.
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Fig. 6 Estimated changes in catalyst conversion per minute in terms
of the amount of dye that has passed over the catalyst, for residence
times of 1 or 2 minutes and temperatures of 20 or 80 °C. Shaded
regions represent 95% confidence intervals.

model to depict this effect for various reactor setups
(residence times of 1 or 2 minutes and temperatures of 20 or
80 °C). The model thus accounts for catalyst degradation by
predicting not just one reaction yield for each reactor
configuration, but a range depending on the amount of dye
that has passed over the catalyst since last
regenerated.

The model correctly predicts a downward trend in
conversion as more dye is passed over the catalyst. We note
that this catalyst curve was not obtained by running specific
control experiments to determine the effect of catalyst
degradation between catalyst regenerations; rather, it is
modelled automatically as part of the overall process of
optimising conversion. Catalyst degradation has a marked
effect in the reaction studied. Not only does our method
successfully negotiate this issue, but it simultaneously
provides an accurate model of the size of the effect ‘for free’,
rather than demanding extra calibration studies to be
performed. The catalyst degradation curves found by the BO
algorithm also tend to be linear, at least in the areas with
narrower confidence intervals where the algorithm has more
data. But our method does not require the catalyst
degradation to be linear. It only requires it to be repeatable.

Fig. 6 also shows the uncertainty of the surrogate model.
The shaded regions around the solid lines represent 95%
confidence intervals for the mean conversion per minute.
The confidence intervals are narrow where there is more
data, particularly for the red line corresponding to shorter
residence time and higher temperature, which is close to the
optimal configuration for this reaction.

Outside of the data range that was well covered by
experimentation, Fig. 6 suggests the overall trend of catalyst
degradation changes, although with much greater model
uncertainty. Such a change in trend seems unlikely, and
more data would refine these estimates; however,
experimentation was halted when the aim of optimising

it was
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conversion per minute was achieved. Fig. 6 thus highlights
an important efficiency of our approach: enough data is
obtained to model the effects of catalyst degradation with a
high degree of accuracy in the optimal range of reaction
parameters. Experimental resources are not spent
establishing these effects with accuracy in other regions of
the design space, as would be necessary if the catalyst
degradation effects were to be modelled in a separate,
preliminary study. In most practical cases, such use of
experimental resources would be wasted, as it would relate to
suboptimal reaction conditions that are of no interest.

Exploring the surrogate model

Fig. 7 shows the conversion model at four stages in the
experiment, illustrating its convergence towards the
optimum. The objective function f is represented using
heatmaps over the possible temperature and flow rate
configurations.  Estimates are shown for catalysts
immediately after regeneration.

The top left heatmap A shows the initial model's estimates
after observing only one experiment. It has assigned a flat
and uniform conversion over all the possible configurations,
indicating that each configuration has equal potential for
maximising the objective. Heatmap B shows the model's
estimates after it has observed conversion values for the
initial training set of experiments (Table S1f). Traditional
design of experiment principles were used to explore the
range of each variable, including some replication to measure
purely random variations in the system (this control
assessment is necessary to ensure the signal-to-noise ratio in
the data is high enough for optimisation to proceed). The
initial conditions were chosen intentionally as a kind of
‘worst-case scenario’ to test the optimisation algorithm:
higher temperature and flow rates are typically favourable for
conversion per minute, but the replicates were chosen at low
temperatures and flow rates whilst high temperature/high
flow rate combinations were not assessed. The catalyst was
not regenerated for the last two observations, which means
the benefit of increasing the temperature was offset against
catalyst degradation effects. The BO algorithm was thus left
to disentangle these effects through subsequent
experimentation.

The heatmap in Fig. 7C shows the outcome after six
additional experimental outcomes have been observed. We
can see that with these additional six observed outcomes, the
model now has a much stronger tendency to favour both
high temperatures and high flow rates. With an additional
five experiments as shown in Fig. 7D, the BO model
continues to favour high temperatures and flow rates.

5. Conclusion

Machine-learning assisted synthesis and experimental
design show great promise in aiding the optimisation of
multiparameter problems within the field of chemistry.
Herein we have demonstrated a BO algorithm for

This journal is © The Royal Society of Chemistry 2024
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Fig. 7 Estimates from the surrogate model in the form of heatmaps. Shown in this figure are the normalised conversion per minute estimates at
four stages of experimentation. The top left heatmap (A) shows model estimates after the first experiment is performed; we can see the model
assigns equal potential to all possible temperature/flow rate configurations. As we observe more experimental outcomes (B and C, after 6 and 12
experiments respectively), the model begins to assign higher potential value to high temperature and flow rate configurations. The final model
shown in heatmap D, after all 17 experiments, estimates higher conversion rates for setups with high flow rate, and especially for those with higher

temperatures.

optimising a chemical system that automatically measures
and corrects for the effects of catalyst degradation. This
model has been demonstrated to converge towards optimal
experimental conditions despite being initialised with a pool
of only six training data points, consisting of observations
far from the optimum. Despite the presence of experimental
error and catalyst degradation the BO algorithm converged
on configurations with high flow rate and high temperature
as giving the highest conversion per minute. The optimum
was found in 17 experimental runs, with an overall
experiment run time of 21 hours. With full automation of
the reactor into a closed loop system this optimisation
process could have been carried out in under one day with
almost no human intervention. This BO algorithm was
applied to the evaluation of a novel TiO, coated CSM for
continuous photocatalytic degradation of the azo dye
reactive orange 16. With an internal reactor temperature of
67 ©°C, residence time of 49 sec and freshly regenerated
TiO, catalyst, a peak conversion of 102% min™" was
achieved. These results were achieved whilst the BO
algorithm was presented with the issue of -catalyst

degradation. This was partially overcome by the

This journal is © The Royal Society of Chemistry 2024

introduction of an in situ regeneration procedure developed
for the CSM supported TiO, catalyst. Despite the changing
catalyst activity, the BO model was able to continue to
optimise the conversion per minute and reach an optimum.
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