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Self-optimising continuous-flow hydrothermal
reactor for nanoparticle synthesis†

Cameron Jackson,a Karen Robertson, a Vitaliy Sechenyh,a

Thomas W. Chamberlain, b Richard A. Bourne c and Edward Lester *a

An autonomous continuous-flow, hydrothermal synthesis

reactor, capable of self-optimising nanoparticle size using an in-

line characterisation technique and machine learning is

presented. The developed system is used for synthesis of

hematite (α-Fe2O3) nanoparticles across three process variables,

optimising for a target particle size. Optimisation is achieved in

under 7 h with only 500 ml of 0.1 M Fe(NO3)3·9H2O aqueous

stock solution used, and without human intervention.

Nanomaterials have numerous applications including
catalysis,1–3 optics,4 drug delivery5–7 and energy storage,8,9

whilst low-cost iron oxide nanomaterials have potential
utilization in pigments,10 wastewater treatments11 and
photovoltaic devices.12 Hematite (α-Fe2O3) has previously
been proven to be highly controllable in terms of size and
shape of nanoparticles using hydrothermal synthesis.13–15

Hydrothermal synthesis has traditionally been a batch
process, which has served to limit production at large
scale.16 Continuous-flow synthesis demonstrates many
distinct advantages over traditional batch methods, such as
enhanced control of heat and mass transfer, reduced batch
variability and the ability to quickly modify and screen
synthesis conditions.17,18 Flow systems can be further
enhanced with the incorporation of online process
analytical technologies (PATs)19 to provide real-time
information on particle size, morphology or composition;
these parameters are key attributes in the synthesis of
nanoparticles and can significantly alter the
physicochemical properties of the final product.20

First reported in 1992 by Adschiri et al.,21 continuous-flow
hydrothermal synthesis (CFHS) of nanomaterials has been
demonstrated as a green and scalable alternative to
traditional nanoparticle synthesis techniques.22

Hydrothermal synthesis involves the heating of precursor
solutions above their standard boiling point in a pressurised
reactor. As water is heated to near, or above, its critical point
(647.15 K and 22.4 MPa), it exhibits vastly different
properties, such as reduced density and polarity,23 which can
be actively exploited for the controlled synthesis of
nanoparticles.24–26 The increased dissociation of water at
near-critical conditions leads to high concentrations of H+

and OH− ions, which can then be used for the immediate
hydrolysis and dehydration of metal salt precursors, resulting
in the precipitation of metal oxide nanoparticles.27

Historically, ferrihydrite was the first stable product
synthesised using CFHS through hydrolysis of iron
precursors.28,29 The transition of ferrihydrite to more stable
forms such as goethite, akaganeite or hematite was found to
be dependent on temperature, pH and synthesis time.30

Automation of continuous flow synthesis can often reduce
the time and cost required to optimise materials.31 One of
the earliest examples of self-optimisation in a continuous
flow reactor is the synthesis of CdSe quantum dot
nanoparticles, using inline spectroscopy.32 Recent advances
in both process equipment and supervised machine learning
(SML) methods provide exciting potential in creation of
“autonomous reactors”.33 Such cyber-physical reactors have
demonstrated the ability to finely tune particle size in
continuous flow systems by integrating more complex reactor
designs, reaction chemistries or machine learning and
optimisation strategies into nanoparticle flow synthesis.34–38

Here we present self-optimisation of hematite particles
targeting a maximum particle size (with an acceptably low
size distribution) in a benchtop autonomous millifluidic
supercritical hydrothermal reactor, combined with inline
dynamic light scattering (DLS). The system is integrated with
supervised machine learning methods (SNOBFIT and a

React. Chem. Eng., 2025, 10, 511–514 | 511This journal is © The Royal Society of Chemistry 2025

a Advanced Materials Research Group, Faculty of Engineering, University of

Nottingham, Nottingham NG7 2RD, UK. E-mail: Eczehl@exmail.nottingham.ac.uk
b Institute of Process Research and Development, School of Chemistry, School of

Chemical and Process Engineering, University of Leeds, Leeds, UK
c School of Chemical and Process Engineering, University of Leeds, Leeds LS2 9JT,

UK

† Electronic supplementary information (ESI) available. See DOI: https://doi.org/
10.1039/d4re00339j

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

9 
Ja

nu
ar

y 
20

25
. D

ow
nl

oa
de

d 
on

 3
/1

5/
20

26
 1

2:
11

:1
5 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
View Journal  | View Issue

http://crossmark.crossref.org/dialog/?doi=10.1039/d4re00339j&domain=pdf&date_stamp=2025-02-24
http://orcid.org/0000-0002-0719-5854
http://orcid.org/0000-0001-8100-6452
http://orcid.org/0000-0001-7107-6297
http://orcid.org/0000-0003-1060-103X
https://doi.org/10.1039/d4re00339j
https://doi.org/10.1039/d4re00339j
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4re00339j
https://pubs.rsc.org/en/journals/journal/RE
https://pubs.rsc.org/en/journals/journal/RE?issueid=RE010003


512 | React. Chem. Eng., 2025, 10, 511–514 This journal is © The Royal Society of Chemistry 2025

custom Bayesian-optimised Gaussian process) to enable
autonomous exploration and optimisation of process
conditions; the process is iterative and continues to generate
and execute experiments until either converging upon the
optimum conditions or reaching the maximum number of
experiments. Each process took <7 hours to complete and
used only 500 ml of Fe(NO3)3·9H2O solution for the pre-set 30
samples. The optimisers were targeted for maximum particle
size using inline DLS analysis, validated through offline
PXRD and TEM characterisation. The maximum particle size
obtained was 27 nm for a residence time of 1.6 s.

The CFHS used here (Fig. 1) has been published
previously.25,39 In this study, aqueous Fe(NO3)3 (upflow) is
delivered at room temperature to the counter-current mixing
point of the nozzle reactor40,41 with pre-heated deionised
water (downflow), thus precipitating Fe2O3 nanoparticles.
0.1 M stock solution of Fe(NO3)3 is diluted in flow via a
dilution pump of deionised water to achieve a wide
concentration ratio of upflow : downflow whilst enabling
independent exploration of total flowrate. The pressure of
the reactor is maintained at 24 MPa throughout. Dilute
nitric acid was used for the flush stage to remove any
particle fouling from within the reactor between each
experiment. Inline particle analysis was achieved through
employing a Zetasizer Nano ZS (Malvern Panalytical Ltd)
with a custom sampling system for parallel injection into
the flowcell (ZEN0023, Malvern), mitigating limitation of the
maximum process flowrate. Validation of inline results was
carried out by powder X-ray diffraction (PXRD, Bruker D8-
Advance Da Vinci Diffractometer with Cu Kα radiation, λ =
1.5418 Å) and transmission electron microscopy (TEM, JEOL
2100F HRTEM equipped with a field emission gun (FEG)
and operating at 100 kV).

An initial DoE (Table 1, ESI†) was used to establish the
range of closed-loop self-optimisation. The custom SML
algorithm employed uses a combination of Bayesian
optimisation and Gaussian Process Regression (GPR)
models (Fig. S4, ESI†). The code of the self-optimisation
algorithm is created using Statistics and Machine Learning
Toolbox and MATLAB 9.10.0.1684407 (2021a). We also
compare the self-optimisation with a common global
optimiser, SNOBFIT (Stable Noisy Optimisation by Branch

and Fit).42,43 For each optimisation method, a 3-level full
factorial design was employed with optimisation for
maximum particle size within 30 experiments. Samples
with a polydispersity index (PDI) >0.5 were considered
invalid. To encourage exploration of the design space,
experiments were generated in batches of six; the
optimisation algorithm then schedules the experiment
closest to the target response, followed by randomly
selected sets of variables across the design space.44,45

We used a Bayesian optimiser which explores areas of
uncertainty against available data points.46–48 This approach
can remain relatively robust, in the presence of experimental

Fig. 1 Schematic of the CFHS reactor highlighting supervised machine
learning (SML) loop. BPR: back-pressure regulator.

Table 1 Synthesis conditions and particle size (by DLS, PXRD and TEM)
obtained by online dynamic light scattering analysis. Flow ratio is
calculated between upflow and total flow rate

Downflow
temperature [°C]

Flowrate
[ml min−1] Flow ratio

DLS
[nm]

PXRD
[nm] TEM [nm]

A 360 30.0 0.365 45.4 10.0 5.4 ± 3.0
B 367 28.1 0.356 54.1 10.3 7.1 ± 4.1
C 370 30.0 0.330 67.0 15.0 9.1 ± 2.7
D 380 27.4 0.369 76.2 18.2 10.7 ± 3.2
E 380 26.0 0.330 84.1 22.6 27.1 ± 8.2
F 380 25.0 0.330 91.7 23.7 27.0 ± 7.8

Fig. 2 4D scatter plot of experiments showing particle size from a.
the custom SML study and b. the SNOBFIT study.
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noise, making it an excellent way to optimise processes in
the fewest possible experiments. This approach is discussed
in more detail by Clayton and co-workers.49

The outcomes of self-optimised experiments are presented
in Fig. 2a and b. Both optimisation methods demonstrated
similar behaviour of the response with respect to changes in
process variables, showing an increased particle size at
elevated temperature, reduced flow ratio and higher
residence times. This result agrees well with literature where
hematite nanoparticles were produced using batch process
with the nucleation, phase transition and growth of hematite
particles during synthesis.50 PXRD analysis confirms the
presence of hematite in all samples selected for offline
analysis but shows contamination from NaNO3 in samples E
and F (Fig. S16, ESI†). This is presumed to be contamination
due to NO3

2− ions and Na+ ions present in the DI water.
TEM images (Fig. 3) for all studied samples

demonstrated various stages in the generation and growth
of hematite nanoparticles (section 5, ESI†). Samples A and
B (lowest temperature and fastest flowrate) primarily
revealed spherical-cubic particles in the range 5–12 nm.
This corresponds to the peak broadening shown in the
PXRD patterns for these samples. Samples E and F (highest
temperature and lowest flowrate) have distinct cubic
α-Fe2O3 particles, suggesting the particles have undergone
Ostwald ripening, according to the LaMer model of
nanomaterial synthesis.51 Application of the Scherrer
equation to the PXRD patterns yields comparable particle
sizes but the inline DLS measurements are shown to
significantly overestimate particle size (Table 1 & sections 1,
2 and 4, ESI†), although the trend is comparable. This
suggests that inline DLS may not be feasible for obtaining
absolute values but is still appropriate for trend targeting,
which is the main aim of this study.

This paper outlines the first use of a DLS technique for a
self-optimised, continuous-flow hydrothermal synthesis
reactor. Automated analysis and reactor control are combined
with self-optimisation algorithms to achieve maximum
particle size of hematite nanoparticles in under 7 h per
optimisation experiment with only 500 ml reagent use. The
use of the applied algorithm approach (based on ESI† Tables
S2 and S3) shows that the maximum particle size was
identified after only 9 of the 30 experiments in the factorial
design. TEM images show the formation of small particles
prior to aggregation and subsequent growth of hematite
particles. DLS, XRD and TEM are all used to provide particle
size analysis, with DLS hydrodynamic diameters showing

significantly larger measurements. Calibration of DLS
method using TEM data as a reference could enable
optimisation and tuning of the particle size in real time. The
system presented is designed to be suitable to a range of
nanomaterials already demonstrated for CFHS and can be
used to efficiently determine the effects of different
parameters such as temperature, precursor concentration or
reaction time on the particle size and distribution.
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