
Catalysis
Science &
Technology

PAPER

Cite this: Catal. Sci. Technol., 2022,

12, 3650

Received 10th February 2022,
Accepted 23rd April 2022

DOI: 10.1039/d2cy00275b

rsc.li/catalysis

Prospects and challenges for autonomous catalyst
discovery viewed from an experimental
perspective

Annette Trunschke

The urgency with which fundamental questions of energy conversion and the sustainable use of raw

materials must be solved today requires new approaches in catalysis research. One way is to couple high-

throughput experiments with machine learning methods in autonomous catalyst development. The fact

that the active form of a catalyst is only created under working conditions and that the catalytic function is

always in a very complex relationship with a number of physical and chemical properties of the material

makes it essential to integrate operando experiments into systems of autonomous catalyst development.

The analysis of the current state of the art and knowledge revealed a lack of integration of the numerous,

technically very different unit operations in catalyst discovery and a great need for new developments in

online and in situ analytics, especially in catalyst synthesis. To pave the way for autonomous processing of

work packages by robots, it is proposed to advance the automation of single unit operations currently

performed by human researchers by introducing standard operating procedures described in handbooks.

The work according to rigorous protocols produces, on the one hand, reliable data that can be evaluated

using artificial intelligence and facilitates on the other hand the automation. Special attention should be

paid to the acquisition and real-time evaluation of analytical data in in situ and operando experiments as

well as the automatic storage of data and metadata in databases.

1. Introduction

The challenges of climate change impose on catalysis
research the task of rapidly developing new solutions that are
robust, affordable and scalable to large dimensions for the
conversion of energy, hydrogen supply, and the energy- and
resource-saving manufacture of chemical products.1–5

Heterogeneous catalysis at the solid–gas or solid–liquid
interface plays an essential role in this respect. Developing a
new heterogeneous catalyst using traditional methodology is
a time-consuming and cost-intensive process that may need
years or decades from the initial idea to industrial
implementation. Thus, it took 20 years from the first
experiments to reduce carbon monoxide with hydrogen by
Franz Fischer and Hans Tropsch in 1925 to the industrial
introduction of Fischer–Tropsch synthesis with a capacity of
600000 t per year in 1945.6 Parallelized methods of catalyst
preparation and testing were therefore applied early on to
speed up the search for new catalysis technologies.7,8

However, the development of a chemical production process
in industry is not only associated with the search for a new

catalyst, but simultaneously involves the engineering of
appropriately adapted process parameters and reactor
technologies, as was the case with the introduction of the
large-scale process for ammonia synthesis. The sophisticated
material chemistry and design of the reactor was developed
by chemical engineers under the leadership of Carl Bosch,
while more than 2500 catalysts were tested by Alwin Mittasch
and his co-workers at BASF in over 6500 experiments in the
years 1909–1912 to find the iron-based ammonia synthesis
catalyst that is still used today.8 The technical
implementation of the Haber–Bosch process led to an
innovative change in the chemical industry of that era and
changed our world.9 Such pioneering inventions are
commonly brought about by social constraints, such as the
fight against hunger and the demand for explosives for war
purposes in the first half of the last century.

It is open to debate why the widespread application of
experimental and computer-based high-throughput methods
in industrial and academic laboratories at the turn of the
millennium and in the 2000s10–17 did not lead to any truly
ground-breaking discoveries in catalysis.16 Currently, the field
is rapidly evolving towards enhanced integration of high-
throughput experimentation and data-driven science.18–21

The autonomous discovery of new catalysts, inorganic
compounds and functional materials by robots without the
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intervention of the scientist is seen as an exciting prospect
for advancing catalysis research and materials science.20,22–31

The beneficial use of a toolkit like this requires full
integration of unit operations in catalyst development such
as automated synthesis of catalyst libraries, (high-
throughput) characterization and testing, data analysis with
machine learning algorithms,18,20,22,32–34 and design of new
experiments by active learning and automated reasoning20 in
closed feedback loops. The integration of artificial
intelligence and robotics provides the key to the practical
implementation of such a concept.26 The advantage of
unbiased synthesis design lies in the possibility of leaving
the predesigned paths that science tends to follow based on
experience and thus opening up completely new phase
spaces.20,23,25,26 The automation of experiments, their
parallelisation and miniaturisation save time, ultimately
reduce costs and improve reproducibility. On the other hand,
it must be taken into account that the performance of highly
active real catalysts producing products on a large scale is
always influenced by transport phenomena, which leads to
problems in scaling up miniaturised and high-throughput
experiments.

In recent years, artificial intelligence and in particular
machine learning techniques have been used with success in
many fields including materials research29,35 and
catalysis.20,22,26,34,36–41 The multifaceted structure of the data
from theory, and various synthesis and characterisation
experiments poses a challenging task for data governance.42

More and more databases are being developed and shared to
make data available and promote catalyst discovery through
data science.42–54

This paper analyses from an experimental point of view
how far catalysis research still is from autonomous catalyst
development, which prerequisites have to be created for this
and whether these efforts are worthwhile given the nature of
a catalyst as a metastable functional material. Directions that
can be taken to accelerate the discovery of new catalysts are
discussed.

2. How to optimize a kinetic
phenomenon

In the development of a solid heterogeneous catalyst, it is
not a single physical or chemical property that is
optimized, but the complex interplay between the bulk and
surface properties of the catalyst and its chemical
interaction with the reacting phase.55 This interaction,
reflected in a polarization of the adsorbed molecules and
corresponding adsorption equilibria, leads to a specific
coverage of the catalyst surface with the reacting molecules,
intermediates, products and solvating species under
reaction conditions. The degree of coverage in turn
determines the overall reaction rates. A heterogeneously
catalyzed reaction is never an elementary reaction, as the
process is at least composed of three steps: adsorption,
surface reaction and desorption.56 The target variable in

catalysis is therefore the optimal ratio of various rates in a
complex interfacial reaction network that maximizes the
formation of the desired product.57 In addition, intrinsic
and transport kinetics always overlap, but particularly
under high performance conditions. The intricate interplay
between all these factors, which are multidimensional in
terms of space and time, leads to the fact that descriptors
in catalysis are generally complex mathematical
relationships (see Fig. 1). Furthermore, there are some
peculiarities to take into account in the search for new
catalysts, which will be briefly explained below.

Catalyst kinetics

Entanglement of reaction and solid-state kinetics.
According to our current understanding the breaking and
making of chemical bonds at atomic scale takes place at
active sites58 that are subject to structural changes either
within one catalytic cycle or through the fluctuating
emergence and disappearance of sites, which, due to their
large number, on average provide stationary performance
during the needed long-term stable runtime of the
catalyst.59,60 Reaction kinetics and kinetics of catalyst
transformations are chemically closely correlated. The link is
established by the local chemical potential and its variation
in time. Harsh reaction conditions accelerate solid-state
chemical conversions of the catalyst leading in the worst case
to irreversible transformations and catalyst deactivation.

Present catalyst synthesis concepts are generally aimed at
creating the active site by synthetic means as a result of
polycondensation or grafting processes using molecular
starting compounds and the toolkit of advanced inorganic,
metalorganic or organic chemistry. Targets are set based on
chemical intuition, crystallographic considerations,61 model
concepts from surface science,62 or by analogy with
molecular compounds.63 Computational chemistry is mainly
employed to support these assumptions energetically.64,65

This strategy is in conflict with catalyst dynamics and the
metastable nature of active sites. Although it is generally
accepted that the product of catalyst synthesis is a catalyst
precursor and that the generally unknown structure of the
active phase is only formed in contact with the reacting
molecules under working conditions, this insight is
nevertheless hardly taken into account in the paradigm of
current catalysis research. Since the active site cannot be
synthesized, the chemistry leading from the catalyst
precursor to the active form must therefore be included in
the design concept. Furthermore, reaction conditions that
are optimal for one precursor may well be disadvantageous
for another precursor. This considerably expands the
parameter space to be explored. Another important
consequence of reversible or irreversible dynamic adaptations
of a catalyst under process conditions is that sufficient long
times on stream must be kept in catalyst testing in order to
capture formation and deactivation phenomena.66 Temporal
trends or fluctuations are, therefore, important indicators.
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Derived demands on the experiments. Automation makes
it possible to better meet these requirements, as it can speed
up the process, but catalysis must be carried out under
realistic reaction conditions. A high degree of integration of
all unit operation in catalyst development and recording of
all metadata and their consideration in the data analysis is
required, which is technically demanding. Alternatively, it
remains to be investigated whether certain material
properties of catalyst precursors, such as specific surface
area, crystal structure, band gap or elemental composition,
are predestined for the evolution of particular performance
under reaction conditions. The selection of the target
parameters could then be based on those of the catalyst
precursor of a known benchmark catalyst. However, if an
established material is taken as a basis, it is most likely that
only a local, but not the global maximum of the catalytic
performance will be found. And even with this approach,
extensive high-throughput characterization of catalyst
precursor libraries cannot be avoided.

In an analysis of propane oxidation data by machine
learning using a compressed-sensing method (SISSO),67,68

complex but interpretable correlations were found for the
discussion and prediction of the catalytic performance of
vanadium oxide-based catalysts involving both certain
physicochemical properties of the catalyst precursors and
certain parameters measured under operating conditions,
highlighting the importance of dynamic processes in the

identification of descriptors.69 Nine polycrystalline oxides
were synthesized, characterized and tested in propane
oxidation according to rigorous protocols described in a
handbook.70 The bulk and surface properties of both fresh
and activated catalyst samples were extensively characterized
by using X-ray diffraction, N2 adsorption, X-ray fluorescence,
laboratory X-ray photoelectron spectroscopy and temperature-
programmed reduction/oxidation. In addition, the chemical
composition and the electronic surface and bulk properties,
respectively, of the activated catalysts were measured under
various reaction conditions of propane oxidation using near
ambient pressure photoelectron spectroscopy (NAP-XPS) and
the microwave cavity perturbation technique (MCPT). The
complex function obtained by machine learning that
describes and predicts the performance of the catalysts
includes key features measured for both the precursor and
the activated catalysts, such as the pore volume and the
concentration of certain adsorbates on the surface, as well as
parameters measured in operando, such as the activation
energy of charge carrier transport, the vanadium
concentration and the oxidation state of vanadium under
different reaction conditions. These “catalyst genes” were
used to map the catalytic properties and to derive new
synthesis strategies for improved catalysts on this basis
(Fig. 1). This study clearly shows that the measurement of
key parameters in operando experiments on the working
catalyst is crucial for descriptor discovery as it reflects the

Fig. 1 (A) Vanadium oxide-based catalysts synthesized, analysed by ex situ, in situ and operando techniques after synthesis (fresh), rapid activation
in the reaction feed (act) and catalysis, and investigated in the selective oxidation of propane to acrylic acid;69 (B) dependency of the selectivity to
acrylic acid S (circles) on the reaction temperature T, showing that acrylic acid, as an intermediate product, is only formed at intermediate
temperatures; other products formed are mainly propylene at low temperatures (low propane conversions) and CO and CO2 at high temperatures
(high propane conversions); the values modelled by a machine learning algorithm (SISSO) are indicated as crosses; (C) map of catalysts given by
the SISSO model for the acrylic acid selectivity as a function of the temperature S(SISSO)

acrylic acid(T) represented by a colour code indicating the regions
of the materials space corresponding to high selectivity (in blue) and low selectivity (in yellow). The catalysts used for deriving the descriptor are
indicated by the black lines. The descriptor d1 consists of a complex function incorporating ex situ measured data such as the pore volume V and
the carbon content xC on the surface of the fresh catalysts determined by XPS, but mainly in situ and operando data such as the work function W
measured by near-ambient pressure XPS (NAP-XPS) in a reaction feed to which water vapor has been added, the vanadium content xV at the
surface of the activated catalysts and the catalysts working in propane-rich feed, the activation energy of the charge carrier transport EA measured
by a contactless microwave-based method and the concentration of adsorbates containing C–O bonds aC–O at the surface of the activated
catalysts measured by XPS; the green dashed line indicates a hypothetical vanadyl pyrophosphate (VPP) catalyst proposed for future syntheses; the
new catalyst could be obtained by increasing the pore volume of VPP by 50%, e.g. by using additives in the synthesis, and by reducing the
activation energy of the charge carrier transport by 50%, e.g. by adding promoters.
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dynamic response of the catalyst to the chemical potential
under reaction conditions, i.e. the entanglement of solid state
and reaction kinetics.

Multiscale nature of functional properties

Heterogeneous catalysts are hierarchical systems.55 The
dimensions of the structured catalyst span orders of
magnitudes from the mm large pellets to the nm small active
sites. Synthesis strategies are generally designed to optimize
the interaction of the catalyst components across all scales.
Only then control is executed over the local chemical
potential at the active site. Bulk and surface properties are
fine-tuned in view of phenomena like solvation, heat
transport, and mass transfer. A variety of properties such as
the concentration of hydrophobic or hydrophilic surface
functional groups, the type and concentration of defects, the
mixing of catalyst and reacting phase in terms of leaching or
(sub)surface enrichment of reacting molecules, the heat
capacity, thermal conductivity, particle size or porosity are
important parameters, to name but a few. Particularly
difficult to control and define are crucial factors such as the
interaction between the active phase and the stabilizing
matrix or the perimeter between these two components.
Solids of the same composition, crystal structure, similar
particle size distribution and crystallinity can, for example,
have completely different catalytic properties if the primary
particles have different morphologies.71 The autonomous
search for catalysts must therefore take into account a large
number of parameters, which must be determined by
comprehensively characterizing the materials using a broad
variety of methods in different states of the catalyst. In terms
of an unbiased approach, it is not possible to predict a priori
which of the properties is particularly important for the
material's function as a catalyst.

When used in industrial reactors or other technical
applications, the catalyst precursors are formed into a
structured body with the help of binders and additives, for
example into pellets or extrudates, or an electrode is
fabricated.72–75 These substances and the shaping procedure
will modify the activity, selectivity, and stability of the catalyst
by influencing the transport kinetics for mass and energy,76

but also by the presence of additional and possibly different
active sites.77 The development of formulation recipes
therefore involves a similar amount of effort as the
identification of the suitable active phase itself. These
additional steps in the workflow for catalyst development
currently receive little attention in academic research, even
within the conventional approach.78 But they must be taken
into account if new disruptive technologies are ultimately to
be actually introduced into practice.

Scalability

Miniaturization of the batch size is advantageous for
expensive materials and enables rapid screening of a large
number of samples in high-throughput experiments, but

with the limitations discussed above in terms of transport
kinetics.11,17,21,23,26 Furthermore, the density of the sample
libraries can be increased in this way, i.e., more samples
can be prepared and thus the step size can be reduced
when varying a parameter.21 However, scaling up synthesis
approaches is difficult and not successful in every case, so
that some hits from high-throughput studies will never
have a chance of technical implementation. So, these
experiments and the corresponding investments in
materials and working time will not pay off. In addition,
several characterization methods can reach the limits of
their sensitivity if the sample quantities are too small. For
example, determining the specific surface area of 2D
samples on an array using conventional gas adsorption
methods is practically impossible. Alternative measurement
methods, for example the indirect determination of the
surface area via the particle size measured by XRD, can
offer a solution here, but not in every case. Thus, when
integrating catalyst synthesis, characterization and testing
for autonomous catalyst design, the advantages of
miniaturization can be counterbalanced by the
disadvantages in terms of the yield of knowledge in
physicochemical analysis and the reduced prospects for
scalability.

Experimental diversity and complexity

The synthesis methods used for the preparation of
heterogeneous catalysts are very diverse and generally
multi-stage, with the different stages requiring very
different experimental conditions, ranging, for example,
from condensation in aqueous medium or other solvents
at room temperature or lower temperatures to thermal
treatment at high temperatures in a gas stream in
rotating furnaces or in a plasma. Moreover, catalysis
research is an interdisciplinary field in which a wide
variety of methods are used for characterization of freshly
prepared catalyst precursors and for analysis of catalysts
in operation. In operando experiments, the functional
properties of a catalyst are measured by analytical
methods, such as gas chromatography or mass
spectrometry, while spectroscopic experiment, a diffraction
method or microscopy is carried out at the same time.79

Therefore, the data and metadata of operando experiments
are particularly extensive and generally also very complex
due to the time-based coupling of at least two methods
that are carried out with very different equipment. Equally
diverse are the chemical reactions that are catalyzed and
for which very different process conditions and reactor
technologies are applied. For these reasons, there can be
no universal robot for autonomous catalyst development.
Nevertheless, automated building blocks could be used in
modular systems to find solutions to specific problems,
just as different modules have been used in the past for
different synthesis stages and work steps in
characterization and testing.
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3. The handbook-concept

The challenges in optimizing a catalyst arise from its basic
function, which is to activate inert molecules by interaction
at the interface so that a reaction takes place under milder
conditions than in the homogeneous phase. The target
parameter is a kinetic value. The measured value may depend
on the workflow of the catalyst test due to the complicated,
but function-inherent interplay between solid-state kinetics
and reaction kinetics explained above. Depending on the
catalyst pretreatment and testing workflow, experiments on
the same catalyst can lead to different local maxima in
catalyst performance, resulting in unclear structure–reactivity
relationships.70 This is the case even if all experiments are
conducted according to the guidelines of best experimental
practice and under the same reaction conditions in the
steady state in terms of temperature, contact time and feed
composition. To explain this further, a catalyst can adopt
different steady states depending on its previous operating
history, e.g., due to differences in the degree of reduction/
oxidation in the conditioning phase of the catalyst, which
can be carried out under different gas compositions or when
the catalyst was tested before this particular measurement
point at high or low conversion. Similarly, the particle size or
the perimeter between active phase and matrix may differ
due to different sintering behavior if the temperature
variation in a catalyst test was started at either high or low
temperatures. The concentration and type of acid–base sites
may also vary depending on the conditions under which the
steady state was achieved. In order to arrive at unambiguous
structure–function relationships in an unknown phase space,

catalysis experiments must be carried out according to strict
experimental protocols,80–84 which can be described in
handbooks (Fig. 2).70 Standard operating procedures are also
necessary because one cannot measure all the properties of
the catalyst under reaction conditions, not only because that
would be too time-consuming or technically difficult to
realize, but also because one cannot necessarily know which
properties all need to be measured.

The approach of the handbook also has the advantage
that the results obtained in different laboratories can be
compared directly, even if the experiments are carried out
manually. This is not only important when the data is made
available in open databases and thus becomes generally
accessible for evaluation with artificial intelligence methods.

The work according to rigorous protocols also enables a
direct ranking of materials in a literature comparison. For
many reactions, the identification of interesting materials
classes is not possible because the published data are not
comparable due to very different activation and reaction
conditions. Oxidation reactions,85 the production of
hydrogen by ammonia decomposition,86 or electrochemical
synthesis of ammonia80 should be mentioned here as
examples. The direct comparison of catalysts is achievable
also when the individual laboratories have different
equipment, because it is possible to agree on an absolutely
necessary standard for the experiments that all laboratories
can meet. There are, of course, no restrictions on conducting
additional experiments. In addition, technical errors can be
minimized by accurately describing the test and
characterization methods in standard operating procedures
and by measuring benchmark catalysts.66,87–90

Fig. 2 General workflow designed for a project on the selective oxidation of short-chain alkanes on a number of known active, inactive, selective
and non-selective oxidation catalysts in which two laboratories and a theory group were involved;70 the aim was to study whether the data
obtained are suitable for evaluation with artificial intelligence methods; the synthesis of the fresh catalysts in sufficient quantity for a
comprehensive analysis, their rapid activation in the reaction feed and all steps of parameter variation (T, GHSV, feed composition) in testing of the
catalysts are described in detail. Rapid activation means testing the catalysts for 48 h under highest possible conversion (80% with respect to
alkane and/or oxygen) or highest possible temperature (450 °C) if this conversion is not reached. The aim of the treatment is to quickly bring the
catalysts into a steady-state for the kinetic and operando investigations or to eliminate rapidly deactivating catalysts from the beginning.
Furthermore, the handbook specifies in which stages and with which methods and how the catalysts have to be analyzed. Thus, freshly prepared
catalysts as well as activated and used catalysts are characterized ex situ, while operando investigations are only carried out on the activated
catalysts.
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Automation supports the work according to a handbook
and increases reproducibility. On the other hand, it requires
the specification of the unit operations to be carried out,
which in turn can be defined in a handbook. However, this
implies that an ontology in catalysis research must be
developed that allows the prosaic description of catalysis
experiments in handbooks to be translated into a generally
applicable machine-readable language.91–93

4. Automation of unit operations

In the past decades, a lot of effort has been invested in the
automation of synthesis, characterization and screening
steps, with combinatorial research and high-throughput
catalysis in particular being at the forefront. Progress in this
field has been summarized in numerous review
articles.10–13,16,17,19,21,94–99 Libraries have been built with a
large number of catalysts for different reactions using both
high-speed array approaches and classical parallel synthesis
and testing strategies with catalyst masses in mg or g scale.
Initially, methods from combinatorial drug discovery were
adapted for the design of the starting library, such as the
split & pool method, which involves the combinatorial
permutation of parameters and thus enables the generation
of arbitrary combinations of variables in large parameter
spaces.17,100 The widely used DoE (Design of Experiment)
tools, which are based on linear regression algorithms, allow
experiments to be conducted with high throughput and
maximum efficiency by identifying precisely those parameters
for further screening rounds that have a particular impact on
the target variable. Machine learning-based techniques such
as genetic algorithms (GA) and artificial neural networks
(ANN) have also been used for a long time to gain insights
from prior high-throughput experiments for designing the
next generations.101–104 Great potential is seen in the better
integration of high-throughput experiments and data
science.19,35 The progressive development of machine
learning and robotics could fundamentally change basic
research and significantly accelerate progress.

Machine learning is intended to generate knowledge from
data and is thus an important tool for automating intelligent
behaviour through artificial intelligence. However, the recent
and rapidly increasing interest in data driven catalysis
research has a strong emphasis on computational
chemistry.22,38,40,41,53,57,105–111 Examples are the bottom-up
prediction of crystal structures,112 new mixed oxides,113 or
alloys and intermetallic compounds114 from first principles,
establishing scaling relationships between the adsorption
energies of reactants and activation reaction energies
(Brønsted–Evans–Polanyi (BEP) relationships),115,116 the fast
exploration of potential energy surfaces,117 and addressing
complex reaction networks.57 In addition, literature data have
also been used for data mining and knowledge
extraction,41,118–123 although this approach is problematic as
often only “good” catalyst data are published,124 and the
dataset thus consists of many similar results, which are

sometimes incomplete and poorly documented. The
combination of advanced machine learning methods with
high-throughput experimentation is an important step
towards robotic autonomous catalyst development.19,26,125,126

However, the technical realisation of the necessary fully
integrated systems is still in its infancy, which is due to the
diversity and complexity of catalysis experiments. The related
experimental challenges are briefly discussed in the
following. In general, the testing of catalysts is largely
automated in many laboratories or commercial solutions are
available.13,21 Therefore, the focus in the next section will be
on developments for automated synthesis and
characterization of catalysts. A shortcoming of many high-
throughput screening experiments for functional analysis of
catalysts, however, is that the reaction parameter space is not
sufficiently large and its structure not diverse enough.
Consequently, the screening of process conditions in a wide
field127,128 is an important task and should be implemented
in all future investigations.

Integration of automated catalyst synthesis, characterization
and functional analysis

A wide variety of methods of inorganic and organic synthetic
chemistry as well as physical methods are used for the
preparation of heterogeneous catalysts in the form of
amorphous or polycrystalline powders (3D materials) as well
as 2D materials. The methods include precipitation reactions
under normal pressure or solvothermal conditions, sol–gel
techniques, solid-state syntheses, methods for surface
modification, such as impregnation or grafting of
organometallic complexes, atomic layer deposition,
electrochemical techniques or sputtering to mention just a
few examples. The vast majority of published experiments are
currently conducted largely manually. Efforts already made to
automate catalyst synthesis are not limited to high-
throughput experiments, but have been particularly advanced
here in order to be able to synthesize large catalyst precursor
libraries in a reasonable time.

Automated bulk syntheses. One of the early examples of
combinatorial catalyst preparation is the hydrothermal
synthesis of zeolites on a scale of 1–10 g in a Teflon block
with 100 reaction chambers. By screening the system
TMA2O–Li2O–Cs2ONa2O–Al2O3–SiO2 (TMA =
trimethylammonium) it could be shown that even with
parallelized synthesis the zeolite phases and approximate
stability ranges expected under the synthesis conditions can
be obtained.129 These experiments were carried out entirely
manually, but have motivated automation in the field of
high-throughput hydrothermal synthesis. Initially, pipetting
robots were used to produce the synthesis gels.130–132

Subsequently, in addition to more integrated self-built
systems,133,134 commercial synthesis robots from companies
such as Zinsser, Chemspeed, or the former company
Symyx135 were used. Advances in the automated
hydrothermal preparation of zeolites and metal organic
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frameworks (MOF's) have been summarized in recent
reviews.99,136 Other early, but already technically advanced
examples exist for the synthesis of multi-metal mixed oxides.
High surface area Sn, In, Co, Ru, Ni, Fe, Mn, Y, Ce and Rare
Earth oxides and their mixtures were produced in a Symyx
robot for precipitation reactions using coupled co-
precipitation and combustion synthesis.137 The precipitation
robot consisted of eight parallel precipitation channels
equipped with pH probe, temperature probe, three probes for
liquid addition, and magnetic stirrer. Precipitation could
therefore be carried out as liquid addition, as titration or as
constant pH precipitation.137 Sol–gel methods were also
performed using synthesis robots.138,139 For example, an
extensive library of Mo-V-Sb catalysts was optimized in terms
of chemical composition for the oxidation of isobutane to
methacrolein.139 Magnesium ethoxide samples as support
materials for Ziegler–Natta catalysts were prepared in parallel
and automated with excellent reproducibility and
morphological control.140 These few selected examples for
the synthesis of bulk 3D catalysts clearly show that it was
possible to parallelize and automate classic aqueous
synthesis processes or sol–gel routes in batch mode.

Automated surface modification. Similarly, for the surface
modification by impregnations, the catalytic performance of
materials produced with a synthesis robot has been shown to
be comparable to manually produced materials.14 This is
even more remarkable since a multitude of factors influence
the processes involved in impregnation and this is again
specific to the support and the different elements to be
deposited in a combinatorial approach.141,142 Sixty alumina-
supported multi-component catalysts were prepared by
sequential impregnation with various aqueous metal salt
solutions (Ag, Ca, Co, Cr, Cu, Fe, Ga, La, Mg, Mn, Ni and Zr)
and other components dosed as acids, and dried in a robot
at 100 °C. However, the subsequent calcination at 500 °C was
then carried out manually in individual crucibles. Except in
the oxidative dehydrogenation of ethane to ethylene as
catalytic test reaction, the materials were not characterized.
Wafer-based catalyst libraries were also used to study
impregnated catalysts.143 For this purpose, quartz wafers
were bead-blasted through steel masks to create 16–16 arrays
of wells. Metal oxide supports were inserted into these wells
using a robot. The supports were then impregnated with
premixed aqueous metal precursor solutions. Each well
contained about 250 μg of catalyst, resulting in a catalyst film
about 10 μm thick and 3 mm in diameter. The catalytic tests
for CO oxidation/volatile organic compound (VOC) removal
and water-gas shift (WGS) reaction were performed directly
on the wafers, using mass spectrometry and IR thermography
for analytics.

High throughput pulsed laser ablation (PLA) is another
technique that was used to synthesize metal nanoparticles of
Cu, Ag, Pd, Cr, Mn, Ru, Sn and Ir on the outer surface of
Al2O3, CeO2, SiO2, TiO2 and ZrO2 pellets (0.4 cm diameter
and 0.1 cm thick cylinders). Again, apart from electron
microscopy, essentially only an analysis of catalytic

performance in the partial oxidation of propylene was
studied.144

State of development in catalyst synthesis. The examples
outlined above are quite representative of the (high-
throughput) synthesis of bulk and supported catalysts and
show that, generally, only individual synthesis steps of the
mostly multi-stage processes have been automated. Samples
have to be manually transferred from step to step, e.g., from
hydrothermal synthesis or impregnation to drying and then
to calcination. There were some early attempts to integrate
different wet chemical steps, such as hydrothermal synthesis
and the subsequent washing and filtration steps.133

It is also striking that there has been no significant
technical progress in this area over the last 5–10 years.
Neither has automation been increasingly introduced, nor
has there been significant progress in the better integration
of synthesis steps in catalyst synthesis or the integration of
synthesis, characterization and functional analysis.
Parallelized zeolite synthesis, for example in the laboratory of
Avelino Corma at the Instituto de Tecnología Química (ITQ)
in Valencia, Spain, has led to the discovery of a whole range
of new zeolites with great potential for technical
applications.145–147 However, the overall progress in catalysis
research in general was apparently not sufficient to justify
the considerable instrumental and programming efforts and
investments required for fully automated synthesis in a
closed loop without manual intervention, from the
preparation of the starting solutions to the activation of the
catalyst precursors in the reaction gas. Thus, the technical
development seems to have stagnated in the last decade. The
development of fully integrated systems in individual
academic research groups working in the field of interfacial
catalysis is particularly challenging due to the need for
expertise in very different areas in such projects. For
professional solutions, it therefore seems worthwhile to
bundle knowledge and experience in natural science,
engineering and computer technology fields in competence
centers.

Integration and automation of characterization. Autonomy
can be implemented in research areas where methods are
available that can provide sensory input. The combinatorial
hydrothermal synthesis was coupled with direct
characterization of the synthesis product by automated
microdiffraction using the example of zeolite TS-1 in model
experiments already carried out long ago.103,132,133,148,149 On
the basis of commercial software, methods for the automatic
decoding of XRD patterns were developed, enabling
crystallographic phases to be identified in phase mixtures
quickly and reliably.150 Optical methods are also suitable for
the automated characterization of solids.149,151–153

Polycrystalline perovskite samples were synthesized in a
synthesis robot and the optical band gap was directly
determined by means of photoluminescence (PL) and
absorption.154 But even if individual methods such as XRD,
Raman spectroscopy, EDX and UV/vis spectroscopy are
automated, sample transfer from synthesis to analytical
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instruments and from instrument to instrument is generally
required, as was the case, for example, in the synthesis and
optimization of multicomponent oxides and high-entropy
materials.28,155

Synthesis control through feedback loops. Sensor-
technologies can also be used during the synthesis of
inorganic catalyst materials, as the typical parameters of a
condensation reaction, e.g., in the aqueous phase, such as
temperature, pressure, pH value or conductivity, or
information about the dosage of starting substances can be
easily recorded and controlled. However, in parallelized
experiments, online analytics could represent a significant
cost factor. Co-precipitation156,157 and hydrothermal
synthesis158–160 have been performed in single automated
synthesis reactors equipped with a variety of probes.
Automation has proved to be a major advantage here, as the
reproducibility of catalyst syntheses in a batch size, which is
required for comprehensive material analysis and functional
testing, has been significantly improved compared to
experiments carried out manually.161 In addition, the
complete and uninterrupted recording of synthesis
parameters and spectroscopic or other physicochemical data
during synthesis provides fundamental insights that can be
used for the targeted control of the polycondensation
reactions. The changes in temperature, pH and turbidity
measured during co-precipitation and ageing of Cu–Zn
hydroxy carbonates in an automated laboratory reactor
(LabMax, Mettler-Toledo) are exemplarily shown in Fig. 3.
The double-walled glass reactor with an effective volume of
2.5 L heated with oil was equipped with a stirrer, two
balances and two membrane pumps for dosing the metal salt
solutions and the precipitating agent, and probes for
measuring temperature, pH, conductivity, and turbidity. The
thermostatic control guarantees excellent temperature
regulation and isothermal conditions when needed. All data

from the sensors are permanently measured, processed by a
computer and used to control the precipitation reaction in
feedback loops. For example, in the experiment shown in
Fig. 3 the pH was kept constant at 6.5 during simultaneous
addition of the mixed metal nitrate solution and the
dissolved precipitating agent Na2CO3. The transformation of
the amorphous precipitate formed initially into a crystalline
phase mixture of malachite (Cu,Zn)2ĲOH)2CO3 and
aurichalcite (Zn,Cu)5ĲOH)6ĲCO3)2, already visible due to the
color change, occurs after about 60 minutes of ageing at 65
°C as it is indicated by a temporarily drop in the pH and an
increase in turbidity of the mixture. Information on phase
composition and particle size distribution was obtained in
this experiment by manual sampling and ex situ XRD and
SEM analyses. Based on these data, the previously in the
industry empirically determined optimal pH and temperature
regimes of the co-precipitation has been rationalized162 and a
highly reproducible synthesis was developed on laboratory
scale for the preparation of a high-performance benchmark
catalyst for methanol synthesis.161 Due to the proven
reproducibility of the syntheses and the recording of all data
and metadata, such fully automated instruments, which are
also available in smaller batch sizes for screening studies
(e.g., OptiMax, Mettler-Toledo) (Fig. 3B),163,164 are routinely
and exclusively used for all aqueous precipitation syntheses
in our laboratory. However, the proprietary data format of the
manufacturer makes it difficult to automatically upload the
synthesis data into a database and link this data to the
database entry of the precipitate. A Python-based routine is
currently used for this step.

In situ investigation of catalyst synthesis. In addition to
the standard reaction parameters, spectroscopic, diffraction
or scattering signals could also be used as analytical input.
Nucleation and growth have a major influence on the
material and functional properties of solid catalysts, and
these processes can be influenced by numerous process
parameters during solid state formation. Analytical tracking
of nucleation is a major challenge due to the small size of
the nuclei and limitations regarding the sensitivity of
methods. Instead, by combining spectroscopy and diffraction
techniques, both the chemical reactions of molecular
precursors and intermediates and the formation of long-
range order can be followed before and after nucleation.
However, solid formation reactions, i.e., the evolution of
long-range order, are predominantly detectable with
advanced analytical techniques that are not routinely
available for the study of suspensions and cannot be easily
coupled with synthesis reactors in a normal laboratory. These
are, for example, methods such as neutron or X-ray
diffraction, which in combination with the analysis of pair
distribution functions (PDF) can also provide information
about the density and distribution of atoms in disordered
amorphous structures in early stages of particle growth.165 To
study the formation of solids in realistic environments, e.g.
under hydrothermal conditions, synchrotron sources with
high brilliance are often used for techniques such as small-

Fig. 3 (A) Automated precipitation reactor (2.5 L) for larger scale
synthesis and (B) for screening experiments (1 L); (C) synthesis protocol
for the precipitation of a Cu–Zn hydroxycarbonate as precursor for a
methanol synthesis catalyst; in this experiment the temperature, the
masses of added metal nitrates and sodium carbonate as precipitating
agent and the pH were recorded. The photos of the filtered samples
illustrate the color change during ageing due to phase transitions.
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angle X-ray scattering (SAXS), wide-angle X-ray scattering
(WAXS), energy dispersive X-ray diffraction (EDXRD) and
X-ray absorption spectroscopy (XAS) in single and combined
experiments.166–172 The use of synchrotron radiation excludes
routine use in the synthesis laboratory. Similarly, this is the
case with X-ray spectroscopy, e.g., quick-scanning extended
X-ray absorption fine-structure spectroscopy (QEXAFS), which
provides access to information about changes in local
coordination in molecular precursors and during solid state
formation.172–174

Early stages of solid formation can also be investigated
with high-resolution transmission electron microscopy,
primarily at low temperatures on samples that have been
quenched and extracted from the synthesis vessel.175 Due to
the formation of reactive radicals by electron beam radiolysis
of the solvent, however, the method is less suitable for in situ
investigations.176 In addition, the local information obtained
by electron microscopy is highly complex and the
measurement, even if user-friendly routines such as those
developed for the ChemiTEM are used,177 is time-consuming.
Therefore, electron microscopy is less suitable for providing a
simple sensory signal to guide a synthesis in direct feedback
loops.

Multinuclear magic-angle-spinning solid-state nuclear
magnetic resonance (MAS ssNMR) spectroscopy and NMR
spectroscopy in the liquid phase are also methods that can
be applied to withdrawn samples.178–180 NMR spectroscopy
may also be done in operando, but relies on sealed rotors or
tubes. Although cells have been developed that can be used
even at high temperatures and pressures,181 this only allows
syntheses to be followed in the batch size of these rotors and
in this specific environment. In contrast, online NMR182 but
also FTIR spectroscopy183,184 are common methods used for
monitoring and controlling organic reactions in the
homogeneous phase in real time in flow processes.

Cluster ions from solution can be detected using
electrospray ionization (ESI) combined with mass

spectrometry (MS).185,186 Samples must be extracted and
transferred to the gas phase. However, only highly diluted
solutions can be examined, which are generally not
representative of the ion concentration under synthesis
conditions. In addition, structural changes can occur during
the transfer to the gas phase, as the solvate shell is
removed.187

More suitable for laboratory applications are light
scattering techniques using optical fibres, which can be
applied to track the change in particle size distribution with
time.188

Similarly, UV/vis, FTIR and Raman spectroscopy (Fig. 4)
are suitable for structural investigations of molecular
precursors, intermediates, structuring agents and additives,
secondary units and amorphous as well as crystalline phases
under synthesis conditions.158,159,189 These investigations can
be carried out directly in synthesis reactors using probes.
Complementary attenuated total reflection (ATR) Fourier
transform infrared spectroscopy (FTIR) can be used to
investigate dissolution and re-precipitation processes at the
solid–liquid interface.190–193 ATR-FTIR is also applied to track
the progress of the catalysed reaction in the homogeneous
phase online.184

The layout of a reactor for hydrothermal synthesis
combined with Raman spectroscopy is shown in Fig. 4. The
reactor was used to investigate the conversion of
polyoxometalates and their condensation into oxide
nanoparticles by Raman spectroscopy. The simultaneous
determination of acid–base equilibria under hydrothermal
conditions provided insights into the molecular processes of
self-assembly and precursor formation of highly complex
metastable phases. With this knowledge, polycrystalline
MoV(Te,Nb) mixed oxides with orthorhombic structure were
prepared in sequences of reactions in which different
secondary building units were successively assembled to form
the target phase.158 The study of the condensation reactions
of polyoxometalates under hydrothermal conditions provided
the direct experimental evidence that the speciation is very
different from that under normal conditions, which has
important implications for hydrothermal synthesis
strategies.159,160 In these experiments, however, there was no
direct feedback from the spectroscopic signal to the control
variables of the synthesis. The evaluation of the data was only
carried out by the researcher who also drew the conclusions
for further experimental planning and performed the
modified synthesis experiments.

Flow syntheses. Continuous flow processes offer the
potential for controlled and reproducible synthesis of
nanomaterials with the advantage that they can be performed
both on a large scale and as a high-throughput
experiment.194–196 Also, the number of components in a flow
device is often smaller and the flow scheme is similar to the
scheme of equipment used for testing catalysts in thermal
catalysis, which could facilitate automation and integration.
In continuous precipitation reactions, variable
supersaturation rates due to local inhomogeneities in pH

Fig. 4 (A) Schematic of an automated, analytical autoclave for
hydrothermal synthesis; temperature, pressure, stirring rate, power
input of the stirrer, pumping rate of two HPLC pumps, pH and Raman
spectra can be measured and used for experiment control; sampling is
possible with a dip tube; (B) the example shows Raman spectra
recorded with increasing temperature at pH 1.5 during precipitation of
molybdenum oxide in the closed autoclave starting from a
supramolecular precursor via octamolybdate as an intermediate.

Catalysis Science & TechnologyPaper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
A

pr
il 

20
22

. D
ow

nl
oa

de
d 

on
 2

/1
2/

20
26

 1
:0

9:
35

 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

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d2cy00275b


Catal. Sci. Technol., 2022, 12, 3650–3669 | 3659This journal is © The Royal Society of Chemistry 2022

and metal ion concentrations at the drop-in point can be
avoided and also residence times can be better and in a wider
range controlled than in a batch reactor. This results in more
homogeneous products with tunable particle size and
morphology. Different (micro)reactor technologies for mixing
solutions have been investigated and tested.194,197

Precipitation can also be carried out under supercritical
conditions by mixing a stream of aqueous metal salt
solutions with a stream of supercritical water, where the
molecular precursors are rapidly converted into oxide
nanoparticles by simultaneous hydrolysis and
dehydration.195,198 Parallelization of continuous flow
processes is possible, but not necessarily required, as
syntheses can be carried out sequentially in a short time by
varying the relative concentrations of the metal salt
precursors used while carefully avoiding cross-
contaminations. Thus, the phase spaces of materials can be
explored in a wide range with high information density by
means of comparatively low investment costs (Fig. 5).196,199

In supercritical hydrothermal synthesis, the otherwise
necessary thermal pretreatment of catalysts could also be
omitted, since the critical temperature of water, for example,
at 373.95 °C, is above the typical reaction temperature of at
least some thermally catalyzed reactions and the operation
temperature of electrodes in electrocatalytic conversions.
Washing and ageing steps, which are important for
precipitation at normal pressure, have not yet been
considered in continuous operations, which poses a
challenge for integrated processes to be developed in the
future.194

Classical solid-state synthesis techniques have also been
applied to synthesize ceramic materials and catalysts for
high-temperature applications by automated parallelized ball
milling and consecutive heat treatment.200–202 Again,
continuous methods such as aerosol techniques can be
automated and integrated with less effort, contributing to the
generation of catalyst libraries for high-temperature

processes through automated sequential syntheses.203

Aerosol technologies including spray drying or flame spray
pyrolysis are well established and are now routinely used to
produce a wide range of materials, such as fumed silica, zinc
oxide or titania, but also more complex oxides and other
compounds, such as high entropy alloy nanoparticles,204 in
powder form. Larger scale fabrication is also possible with
these methods.

Microfluidic techniques that can be used to vary the
composition and morphology of (multi)metallic catalyst
nanoparticles should also be mentioned as another
interesting high-throughput method, although here the scale
is very small in terms of the amount of synthesis
product.205–207 Possibilities for upscaling such syntheses have
already been investigated.208 The synthesis can also be
coupled with plasma treatment.209

2D catalysts. Thin film materials in 2D geometry have long
been studied in catalysis, primarily as model systems62,210–214

or in high-throughput experiments.215,216 In interfacial
catalysis, thin-film technologies are important for
electrocatalytic or photocatalytic applications.217,218 But they
are also receiving considerable attention in the introduction
of alternative micro-structured reactor technologies.219 This
is partly because completely different reactivities can be
expected in thin films than in their bulk analogues due to
geometric constraints in the film and electronic effects
caused by the specific interaction with the substrate or a
stacked configuration of different layers. In addition, the 2D
arrangement enables the development of new forms of
energy input, such as resistance heating or inductive
heating.220,221

Widely used methods of synthesizing thin-film catalysts
include solvent-based processes such as dip coating, drop
casting, spin coating, inkjet printing, electrochemical
deposition and combinations thereof.222–225 Films can also
be grown under solvothermal conditions.226 Mixed metal
oxide libraries for V–Al–Nb and Cr–Al–Nb based oxidation
catalysts were prepared using sol–gel techniques by applying
alkoxide solutions to quartz wafers with automatic
dispensing robots.216 More recently, multicomponent
mesoporous metal oxides were fabricated using inkjet
printing.227 During printing, the inks are applied drop by
drop, the drops flow together and layers are formed after the
solvent evaporates. In this way, three-dimensional systems
can also be created layer by layer.228 However, in catalysis
research, filter papers are often printed which burn during
subsequent calcination to yield conventional 3D catalysts,
such as in a study of LiMgMnOx–La2O3 catalysts for the
oxidative coupling of methane.229 Rather, inkjet printing was
used here to produce thousands of different formulas
precisely and quickly in a combinatorial approach. The
method was also applied for example to deposit metal
nanoparticles on nanostructured carbon substrates for the
electrochemical oxygen reduction reaction (ORR).230

For deposition from the gas phase methods such as
pulsed laser deposition, radiofrequency magnetron

Fig. 5 Flow chart for the synthesis of a BaxSryCazTiO3 sample
nanoparticle library of candidate ORR catalysts composed of 66
materials. P1 is pump 1, P2 is pump 2, and P3 is pump 3. BPR stands
for back-pressure regulator and CJM stands for confined jet mixer.
Reprinted with permission from A. R. Groves, T. E. Ashton, J. A. Darr,
ACS Combinatorial Science, 2020, 22, 750–756. Copyright 2022
American Chemical Society.
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sputtering, spray pyrolysis, and chemical or physical vapor
deposition are used. Rh–Pt–Cu and Rh–Pd–Cu libraries for
the oxidation of CO and NO were for example synthesized by
radiofrequency (RF) sputtering through masks onto a quartz
wafer in a combinatorial study. The phase diagrams of 3
metals were mapped in this way, where each catalyst had a
diameter of 1.5 mm and a thickness of approximately 100
nm.215 Physical vapor deposition (PVD) has been applied to
the synthesis of a variety of thin film catalysts. Examples
include the synthesis of mixed oxides, such as La–Mn–Ni
perovskites as thin film catalysts for the oxygen reduction/
evolution reaction,231 or the synthesis of CuW binary alloy
thin films tested in the hydrogen evolution reaction.232

A semi-automatic, continuous, laboratory-scale chemical
vapor deposition (CVD) furnace system (Robofurnace) was
developed for the development of a rapid CVD formulation
for the growth of a carbon nanotubes (CNTs) forest on a
silicon substrate, with a 10-fold increase in CNT mass density
compared to a reference formulation using a manual tube
furnace.233

Pulsed laser deposition (PLD) can be used to rapidly
deposit various materials on flat substrates. Sub-monolayers,
thickness gradients or complex layered composites of
chemically variable compounds such as mixed oxides234 or
metal nanoparticles can be deposited.144

Flame spray pyrolysis is suitable for the fabrication of
layers, which is important for the preparation of sensors,
electrodes or 2D catalysts for thermal catalysis.235 With this
method, crack-free coatings can be achieved. Cracks occur in
conventional solvent-based methods of coating (drop coating,
dip coating, spin coating) due to capillary forces occurring
during the removal of solvents.

The examples show that both the variety of materials and
the preparation methods available for 2D catalysts are
similarly diverse as for powder catalysts. In the case of wet
chemical methods in particular, it has already been shown in
the context of combinatorial catalysis research that at least
the wet chemical synthesis steps can be automated using
dispensing robots and inkjet printers. Thermal post-
treatment was carried out in separate steps in other set-ups,
and there was generally no integration of the different
synthesis steps.138,139,143,227 Since, apart from very simple
methods such as dip coating, thin films are largely
synthesized in dedicated and advanced equipment, there is a
good basis for recording all synthesis parameters and
developing automated syntheses controlled by feedback from
analytical data as has been already demonstrated for example
for autonomous fabrication of Nb-doped TiO2 thin films with
minimized electrical resistance by reactive magnetron sputter
deposition.236

Closed-loop systems

Research projects in catalysis usually start with (i) the
development of a catalyst synthesis concept based on the
analysis of the present knowledge, followed by (ii) catalyst
synthesis including the formation of the active phase and
(iii) comprehensive analysis of the materials and functional
properties. The results are (iv) evaluated, interpreted and (v)
the conclusions are implemented into an improved synthesis
concept or into adapted formation or reaction conditions by
human researchers (Fig. 6, left). These feedback loops are
time-consuming, so progress is slow even if individual steps
are automated or parallelised. The whole process could be

Fig. 6 Feedback loops in current (left, blue arrows) and automated/autonomous (right, red arrows) catalyst discovery.
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carried out autonomously by robots, saving time and
resources and exploring a larger parameter space more
effectively. However, this would require the complete
automation of all unit operations, the online acquisition of
spectroscopic and other analytical data and their evaluation
in real time in order to be incorporated into further
experimental design by machine learning algorithms. All data
generated could then be automatically stored in databases
(Fig. 6, right) and made available for own or independent
data analysis and future research in the same or even
completely different research fields.

However, examples of pioneering work towards a truly
autonomous development of a heterogeneous catalyst are still
lacking. One reason could be the enormous complexity of the
experiments in all stages of the respective workflow. As
shown above, the synthesis of catalyst precursors is a multi-
step process, and the process parameters and properties of
the intermediates are generally not analytically detected or
are recorded poorly because the corresponding methods are
either particularly expensive and specialized or have not yet
been developed. The material analysis of a catalyst in all its
life phases from the precursor via the activated and working
material to the used or deactivated catalyst requires the
application of a multitude of physical and chemical methods
in usually interdisciplinary research (see for example Fig. 2).
Operando experiments in particular are multidimensional
and involve the linking of advanced spectroscopic, diffraction
or other analytical experiments, often performed at
synchrotron light sources where the light source alone is an
extremely complex instrument, with simultaneous product
analysis. This means that not only the automation and
integration of technically very different and intricate
workflows has to be solved by elaborate engineering, but also
an enormously large number of different analytical data has
to be collected and processed simultaneously. Besides these
technical and data challenges, there is an even more
fundamental problem. The entanglement of solid-state and
reaction kinetics explained in chapter 2 is the reason why in

catalysis generally no simple correlations between material
properties and catalytic function are found69,237 and why it is
important to collect a large amount of diverse analytical data
preferably on the working catalyst in operando
experiments.69 And this, in turn, is the reason why it will not
be possible to create a simple demonstration example with
reasonable effort in which a catalytic function, for example, a
reaction rate or a selectivity is optimized one-dimensionally
by varying only one key parameter by, for example, modifying
the synthesis, formation, or reaction conditions to
convincingly demonstrate the value and potential of
autonomous catalyst development.

Autonomous syntheses of molecules. In contrast, in the
synthesis of organic molecules23,24,27,238–240 and to some
extent in materials research,236,241 interesting case studies on
autonomous synthesis have already been carried out, clearly
showing the potential (Table 1). An organic synthesis robot
was used to investigate the chemical reactivity of multi-
component mixtures.239 Input was generated by online
analysis using NMR, mass and ATR infrared spectroscopies.
The data were evaluated with a machine learning algorithm
to automatically categorize the reaction mixtures according
to their reactivity. For this purpose, the model was trained on
72 reactive and non-reactive homogeneous mixtures. The
spectra of the starting compounds were compared with those
of the mixtures, and if there were differences, the
corresponding measurement was recorded as a reactivity hit.

In a photocatalytic study on water splitting using the
conjugated polymer P10 as catalyst, biological hole
scavengers such as the organic molecules methylene blue,
acid red 87, or rhodamine B were searched for, which are
comparable in their efficiency to petrochemical amines.240

Further optimization parameters were pH, ionic strength and
the presence of surfactants. A mobile robot was used for the
quest, which carried out autonomous experiments controlled
by a Bayesian search algorithm.242 The target variable was
the amount of hydrogen produced in photocatalytic water
splitting over P10 in presence of hole scavengers and

Table 1 Examples of autonomous molecule and material synthesis

Material System Synthesis method
Analytical
input Target function Ref.

Scavenger (dyes) in
combination with a
conjugated polymer (P10)

Suspension Mixing and suspending Hydrogen
evolution
[μmol]

Hydrogen evolution rate
in photocatalytic water
splitting

Burger 2020
(ref. 240)

C81H68N4O8 (spiro-OMeTAD) Thin film of
molecules on a
glass substrate

Spin coating and drying in
hot (165 °C) air

Dark-field
photography

Hole mobility
represented by a
calculated
pseudomobility

MacLeod 2020
(ref. 223)

UV/vis/NIR
Four-point
probe
conductivity

Nb–TiO2 Thin film on glass
substrate

Reactive magnetron
sputter deposition in
presence of oxygen

Electrical
resistance

— Shimizu 2020
(ref. 236)

Organic molecules Homogeneous
liquids

Liquid dosing and mixing NMR — Granda 2019
(ref. 239)ATR

Carbon nanotubes Cold-wall CVD Raman Growth rate [s−1] Nikolaev 2014, 2016
(ref. 241 and 245)
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additives, which was determined using head space gas
chromatography. This autonomous screening yielded
photocatalyst mixtures that were six times more active than
the original formulations.

In a final example for molecular systems, hole mobility
was optimized in thin films of spiro-OMeTAD, an organic
molecule with the molecular sum formula C81H68N4O8 used
as hole transport material (HTM) in perovskite solar cells
(PSCs), on microscope slide substrates.223 The hole mobility
of spiro-OMeTAD is crucial for solar cell performance.
However, it is very sensitive to the parameters of the spin
coating process, such as dopants, additives, spin coating
solvents and the post-processing conditions. The
optimization of the film synthesis was carried out with the
help of a robotic platform called “Ada”, with which solutions
can be autonomously prepared and mixed, deposited as thin
films on rigid substrates and annealed. The system also
independently examines the morphology of the prepared
layers and their optical and conductive properties. The hole
mobility served as the target parameter, but this cannot be
easily measured. Therefore, a method was developed that
uses four-point probe conductivity measurements and UV-vis-
NIR spectroscopy to determine a diagnostic parameter, called
pseudo-mobility, which is proportional to the hole mobility.
The data were transferred to the software package
ChemOS,243 which uses the global Bayesian optimization
algorithm Phoenics244 to design new experiments by active
learning from the previously collected data to maximize hole
mobility in this proof-of-principle study.

Autonomous syntheses of solids. The autonomous
synthesis of solids is even more demanding experimentally.
One example with a strong link to heterogeneous catalysis is
the development of an autonomous research system (ARES)
for the synthesis of single-walled carbon nanotubes (CNTs)
with an optimized growth rate as the target parameter.241,245

The system is able to learn how to grow CNTs through a
chemical vapor deposition (CVD) process using an artificial
intelligence planner that specifies the growth conditions –

temperature, pressure and partial pressures of ethylene,
hydrogen and water vapor – based on the evaluation of a
Raman signal as feedback control. Interestingly, the ARES
heating laser used to set the reaction temperature also served
as the excitation source for Raman spectroscopy, allowing the
intensity of the G-band in the CNT spectrum to be detected,
and its increase over time was used to determine the CNT
growth rate. Due to the autonomous feedback and the
associated high iteration rate, the system was able to
optimize several experimental parameters simultaneously
and achieve convergence, which shows the potential for
solving complex problems in materials research.

In another example, the electrical resistance of Nb-doped
TiO2 thin films on a glass substrate was minimized by
combining Bayesian optimization with robotics.236 The thin
film was prepared by reactive magnetron sputter deposition.
The system then employs the machine learning algorithm to
predict the oxygen partial pressure during the sputtering

process that leads to a minimum electrical resistance of the
synthesis product, which is automatically measured in the
integrated setup.

In the last two examples, where solids were synthesized,
only one response variable was recorded as an input variable
for the artificial intelligence in each case (intensity of a
Raman band, electrical resistance). This will not be sufficient
for optimizing a catalysis function, as descriptors are
generally complex correlations (Fig. 1C).69 This means that
autonomous systems for catalysis research must be much
more complex in design and process significantly more data.
And it also means that analytical methods have to be adapted
or specially developed in order to be implemented online
and evaluated in real time.

5. Digitalization of catalysis

Advances in high-throughput and combinatorial research
have shown that robots can support the search for new
catalysts by relieving researchers of routine tasks and
producing and analyzing vast numbers of samples in a short
time in separate and sequential operations. However,
integrating all these steps into an artificial intelligence-driven
system for autonomous catalyst discovery is technically
challenging on its own due to the diversity of materials and
the complexity of the workflows using a large number of
different instruments and methods as outlined above. The
dilemma in pushing this technical development forward is
that due to the intricacy of the relationships between
material and functional properties in catalysis, it will be
extremely difficult to create a proof-of-principle example
without immense engineering, programming and computing
effort. Probably only national or international-wide efforts
could establish a demonstration laboratory that can cope
with the complexity of the problem.

A more pragmatic and short-term approach may be to
apply artificial intelligence methods to highly reproducible,
precisely measured and sufficiently diverse data sets to
decipher the intrinsic physical properties of the materials
responsible for the desired function, or the so-called “genes”
of a catalyst.69,246

To ensure data quality, it is necessary to work according
to rigorous procedures80,83,84,247 that are usefully documented
in handbooks (Fig. 6).70 If there were a broad consensus in
the research community on working according to standard
operating procedures, the use of shared benchmarks for data
verification and an open attitude towards making research
data available in publicly accessible repositories, then
sufficient reliable data would be available for analysis by data
science. High-throughput experiments in local laboratories
with their limitations in terms of batch size, realistic reaction
conditions, lack of accuracy, analytical data and real-time
analytical feedback would then no longer really be necessary.

When working according to handbooks, the catalyst
synthesis must be precisely documented and provide a
sufficiently large batch size so that all kinetic,
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characterization and operando experiments can be performed
on only one batch. There is a great need for the development
of new and the implementation of known online analytical
techniques to monitor and document all data and metadata
of the synthesis. This alone will greatly increase the
reproducibility of catalyst synthesis. In functional analysis,
the reaction conditions must be investigated in a broad and
very diverse parameter space and the catalysis experiments
must be performed for a sufficiently long time to be able to
study formation and deactivation phenomena. Not only the
freshly synthesized catalyst precursor should be
comprehensively characterized, but also activated and used
samples. If possible, the characterization should be carried
out under reaction conditions with simultaneous analysis of
the catalytic performance. This means that operando
experiments must become the rule rather than the exception.

In addition, the theoretical understanding of elementary
processes at the atomic level has gained enormously in
importance in the past decades and the search for new
catalysts is increasingly also being carried out on the basis of
computational screening, which leads to a multiplication of
potentially interesting catalysts. The feasibility of fully
automated computational screening through the
combination of machine learning and optimization has also
already been demonstrated.248 Here, too, methodological
challenges have to be solved in order to avoid chemically
unrealistic and non-synthesizable proposals.249 The hits
identified by theory in turn can then be verified in
experiments according to handbooks.

Working according to rigorous protocols is facilitated by
automating unit operations and, in turn, handbook
instructions provide the necessary specifications for
automation. Thus, these two ways of working are mutually
supportive. Automated procedures should involve the
recording and automatic uploading of all data and metadata
into repositories (Fig. 6) and linking these data to all
available information on the catalyst material under
investigation.250

6. Conclusions

In summary, the autonomous development of catalysts
requires a complete integration of the very complex and
multifaceted experimental and theoretical steps in catalysis
research, especially the integration of operando experiments
under realistic conditions. Such an effort is costly, time-
consuming and personnel-intensive. To this end, the
integration of computational chemistry and robotics, which
were not the subject of the present analysis, and experiment
must be further advanced. To demonstrate the benefits of
artificial intelligence and thus drive development, a step-by-
step approach such as the following seems more feasible:

• Combining the handbook concept, including the
analysis of benchmark catalysts, with the automation of
experiments and calculations and the storage of data in
databases will lead to more data that can be reasonably

evaluated using machine learning methods. This will
accelerate the discovery of new catalysts and processes, even
if not all steps of catalysis research have yet been integrated
into autonomously operating systems and at the same time
lays the technical foundations for the autonomous processing
of certain work packages by robots.

• In order to make standard operating procedures machine-
readable, an ontology of catalysis researchmust be developed.

• The measurement of structural and electronic properties
of the catalyst under realistic working conditions through
operando investigations is particularly important because of
the link between the chemistry of the catalyst and the
reaction medium. Further technical developments are
required for autonomous catalyst development, including the
integration of operando techniques into automated
workflows and real-time analysis of operando data.

• An important requirement in this context is that local
data infrastructures must be adapted or established and their
linkage with higher-level repositories must be ensured in
order to make the data available to the community after
publication in accordance with the FAIR principle.251 An
evaluation of the data of different working groups with one
question or the evaluation under completely different aspects
can lead to ground-breaking new insights.

• Given the need to find robust solutions to challenging
questions of energy conversion and ensuring sustainable
material cycles, the target variable in both autonomous and
human investigator-driven catalysis research must always be
the macro-kinetic performance of the catalyst, which
necessarily requires scaling up batch sizes and incorporating
catalyst shaping already in fundamental and screening
studies.
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