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We report a computer vision strategy for the extraction and colorimetric analysis of catalyst degradation and

product-formation kinetics from video footage. The degradation of palladium(II) pre-catalyst systems to

form ‘Pd black’ is investigated as a widely relevant case study for catalysis and materials chemistries.

Beyond the study of catalysts in isolation, investigation of Pd-catalyzed Miyaura borylation reactions

revealed informative correlations between colour parameters (most notably DE, a colour-agnostic

measure of contrast change) and the concentration of product measured by off-line analysis (NMR and

LC-MS). The breakdown of such correlations helped inform conditions under which reaction vessels

were compromised by air ingress. These findings present opportunities to expand the toolbox of non-

invasive analytical techniques, operationally cheaper and simpler to implement than common

spectroscopic methods. The approach introduces the capability of analyzing the macroscopic ‘bulk’ for

the study of reaction kinetics in complex mixtures, in complement to the more common study of

microscopic and molecular specifics.
Introduction
Catalyst degradation

Despite the broad implications of homogeneous catalyst deac-
tivation, it oentimes presents a less rewarding pursuit than the
design and application of new catalyst modalities.1–4 However,
the problem of degradation affects homogeneous metal-
catalysed processes spanning cobalt-catalysed H2 evolution,5

nickel-catalysed polymerisation of ethylene,6 rhodium-catalysed
heteroarene hydrogenation7 and aryl silylation,8 iridium-
catalysed hydrogenation9 and hydrogen-isotope exchange,10

and ruthenium-catalysed transfer hydrogenation11,12 and olen
metathesis.13,14 This list is by no means comprehensive. In
balance, it is well-known that such catalyst degradation
processes can represent formation of catalytically-competent
heterotopic clusters,4,7,15–18 and not exclusively precipitation of
catalytically inactive solid(s).

Among all known homogeneous catalyst degradation chal-
lenges, palladium is arguably among the most widely
studied.15–35 The formation of palladium black (hereaer ‘Pd
black’, a term used colloquially to refer to the black precipitate
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of elemental Pd, formed via decomposition of various Pd
complexes) is notorious for decreasing available active catalyst
for the intended chemistry, complicating reaction work-up, and
leading to expensive waste.19,36 Indeed, Pd black is known to
affect Suzuki–Miyaura and Negishi cross-coupling,37 C–H ary-
lation,16 heterogeneous catalyst functionalisation,30 homoge-
neous catalyst ligand design,24 alkene carbonylation,35 arene
homocoupling,32 Heck reactions,33 metal scavenging and recy-
cling,19,36 aerobic alcohol oxidation,22 tetrahydrofuran
synthesis,21 arene allylation,23 homo- and co-polymerisation of
ethylene,38 and Miyaura borylation.25

From the perspective of mechanistic investigation, a wealth
of specic analytical methods have been expertly applied to
understand the pathways through which Pd catalyst degrada-
tion occurs. Common techniques in the study of catalyst
degradation mechanisms, include the use of dip probes (e.g.
ATR-IR, Raman),31 cuvette-based methods (e.g. UV-vis, calo-
rimetry),39,40 NMR,41,42 small angle neutron scattering,42 mass
spectrometry,43 X-ray diffraction (XRD),18,36 and auto-sampling
for offline gas or liquid chromatography.44,45 These methods
are oen used in combination to provide the fullest possible
reaction understanding, covering different levels of analyte
specicity and limits of detection.46 In this study, we investi-
gated the development and application of computer vision as
a camera-based method for providing data-rich, real-time, and
non-contact kinetic information on product formation from
colour changes of the reaction bulk. As an in-line (and viably on-
Chem. Sci., 2023, 14, 5323–5331 | 5323
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line) complement to existing off-line analytical methods, we
applied the same camera-based analysis to the widespread
problem of Pd catalyst degradation processes in a way that
complements the above-cited analytics.

Our colorimetric kinetics method is explored as an opera-
tionally cheap and simple method (relative to the set-up of more
common spectroscopic reaction monitoring methods) of
obtaining macroscopic kinetic information from the reaction
bulk.

Computer vision for analytical chemistry

Computer vision (with related imaging technology) is the
science of digitally quantifying real-world objects using camera
technologies and algorithms. While the term is oen (but not
always) more specically reserved for applications that go
beyond raw image processing, computer vision has been widely
applied across many industries, including the art,47

astronomy,48 automotive,47 and defence sectors.47 In the
broadest sense, computer vision helps scientists objectively
quantify subjective and fallible human vision using digital
image capture and processing. Said images can then be more
deeply analysed using computer-added algorithmic processing
for feature ltering, object detection, and more. Computer
vision for analytical chemistry (CVAC)49,50 is a subdivision of the
broader space, providing a promising means of non-invasive
analysis. Indeed, as a single image analysis technique, CVAC
has notable precedent in chemical and related subdisciplines,
including metallurgy,51 fruit drying process,52–55 meat quality
control,56–59 trace element60–63 and illicit sample analyses,64 and
monitoring the crystallization process (Scheme 1, le).55,65,66

Comparatively, video analysis for the extraction of time-
dependent colorimetric information in chemistry applications
is underdeveloped.52,67–73 In relation to the current paper,
Leadbeater and co-workers have shown that video recordings
(provided as ESI†) serve to qualitatively document impending
catalyst failure in microwave assisted reactions.50,74 Colour
changes are ubiquitous across chemistry-related processes.75

And yet, in synthesis, colour itself is arguably more oen
qualitatively reported by eye, than (semi-)quantitatively
assessed with help of colour charts, for example.49 However,
CVAC, through the extraction of camera or camcorder pixel
data, enables unambiguous quantication of colour, captured
by the camera sensor, using colour models such as RGB (red–
green–blue), HSV (hue-saturation-value), and CIE-L*a*b*
(lightness, red to green, and blue to yellow).49 It is with these
Scheme 1 Left: Exemplary breadth of known computer vision appli-
cations. Right: investigative philosophy of the current work to develop
computer vision analysis for chemical kinetics.
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metrics that we investigated the ability to generate kinetic
analysis of catalytic reaction bulk media and investigate
possible correlations with established offline analytical tech-
niques (Scheme 1, right). Using our in-development video
analysis platform, Kineticolor, we sought to investigate this
analytical method using Pd-catalyzed Miyaura borylation as
a far-reaching case study (Scheme 2).

Results and discussion
Proof-of-concept analysis of Pd black formation

Inspired by the work of Wei et al. on the activation process of
Pd(II) precatalysts for aryl halide borylation,25 we began our
investigation using the same Pd bisphosphine system as an
exploratory case study (Scheme 2). The attempted reduction of
[Pd(OAc)2(PCy3)2] precatalyst toward the active Pd(0) catalyst
was carried out under air to deliberately trigger catalyst deac-
tivation. The degradation process presented an oen instanta-
neous colour change, transitioning from a clear homogeneous
yellow solution, characteristic of the pre-catalyst, to an opaque
black heterogeneous suspension, signalling Pd black forma-
tion. The colour change illustrated (at least partial) catalyst
failure. This assumption was corroborated by 31P NMR analysis
revealing phosphine speciation differences for the colorimetri-
cally distinct reaction samples (yellow versus black; Scheme 3).
All Pd-ligated phosphine had been oxidised to phosphine oxide
during the recorded degradation processes.

We captured and quantied the colorimetric kinetic prole
of this oen rapid yellow to black colour transformation using
camera-enabled computer vision methods. Specically, we used
Kineticolor – a soware platform under development in our
group – to analyse colour data from a selected region of interest
in a video recording of a reaction over time. An exemplar output
graph of the deactivation process is shown in Scheme 4. The
soware has been designed to enable kinetic analysis of video
footage captured from any digital camera. As such, several
camera and controlled lighting set-ups were employed
throughout the investigation (see ESI,† and discussion on
investigating correlations between analytical datasets).

The selected area of video footage analysed by Kineticolor
(the white rectangles in Scheme 4, right, inset photos) aimed to
minimise background and stirrer bar interference (see Fig. S4†
for more details). The CIE L*a*b* colour space is set along three
perpendicular dimensions: L* represents lightness (0 is black,
100 is white), a* covers green colours (negative values) through
to red colours (positive values), and b* covers blue colours
(negative values) through to yellow colours (positive values).
From the CIE L*a*b* colour space, an intuitive measure of
overall colour displacement known as delta E (DE) is derived. DE
is a measure of Euclidean (i.e. straight line) displacement in the
CIE L*a*b* colour space, and can be thought of as a measure of
contrast change, as measured against the colours at time, t0 =
0 s (i.e. video frame 1).76 The higher the DE quantity at a given
point in time, the greater and more visually obvious the colour
change is relative to t0, irrespective of the exact colour change
occurring. In the case of recording the events leading to the
formation of Pd black, the DE versus time prole captures both
© 2023 The Author(s). Published by the Royal Society of Chemistry



Scheme 2 Left: Representative mechanism of Miyaura borylation, showing key analytes for off-line and camera-enabled tracking. Right:
simplified conceptual overview of the Kineticolor software driving the computer vision kinetic analysis.

Scheme 3 Deactivation of the selected Pd catalyst precursor. The
active Pd catalyst is supposed to be generated in situ but instead
degrades to form ‘Pd black’ under air. 31P NMR of pre-(yellow) and
post-activation (black) reaction mixtures confirm complete oxidation
of all ligated phosphine (red spectrum) to phosphine oxide (green
spectrum).

Scheme 4 Top: Representation of the CIE L*a*b* colour space,
showing the geometric calculation of DE – the contrast change
between two colours, irrespective of the colour itself. L1a1b1 represents
the colour in image or frame 1, and L2a2b2 represents the colour on
image or frame 2. Bottom: DE profile of the [(Pd(OAc)2(PCy3)2]
degradation reaction. Every DE value is measured with reference to
frame 1. Conditions: [(Pd(OAc)2(PCy3)2] (0.015 mmol), B2Pin2 (0.2
mmol), toluene (2 mL), 70 °C, 250 rpm. White rectangle on each
reaction image represents the region of interest isolated for analysis.
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slow and subtle colour changes (up to ca. 180 s) as well as rapid
and obvious colour change events (at ca. 200 s). Kineticolor was
also used to capture more granular colour change detail evident
in RGB, HSV, and related colour models, beyond CIE-L*a*b*
and DE. See ESI† for further details.

In relation to the formal colour models and quantication of
reaction video footage, it is important to understand that,
throughout this paper, we employ more loose descriptors of
colour (“transparent”, “see-through”, “opaque”, “yellow”,
“black”, etc.) to exemplify how one might qualitatively describe
by-eye observations for lab book recording purposes. Where
quantication is concerned, the reader will be directed to
a colour model and magnitudes associated with the colour
parameters being discussed.
Visually recording the physical & chemical factors impacting
Pd black formation

The proof-of-concept colour analysis showed that the acute
colour change of the isolated Pd catalyst degradation
© 2023 The Author(s). Published by the Royal Society of Chemistry
experiments could be recorded and quantied, across various
known colour models, using our computer vision-enabled
analysis of the reaction bulk. We next applied the method to
more fully assess the physical and chemical conditions affecting
the colorimetric rate of Pd black formation in the same
Chem. Sci., 2023, 14, 5323–5331 | 5325
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simplied system involving only the precatalyst. The DE versus
time proles in Scheme 5 demonstrate the ability to compre-
hensively capture and quantify the visible changes over time.

The technique was applied to explore a range of synthetically
relevant conditions. Increased B2Pin2 and Pd precatalyst
concentrations decreased the time taken to reach the instan-
taneous degradation event. Above an approximate threshold of
40 °C in limited timeframe of analysis, elevated temperature
also served to bring about a faster visible formation of Pd black.
The paired effects of stirring rate and vessel positioning on the
catalyst degradation process showed less obvious trends, but
served to demonstrate the acute sensitivity of the system to
changes in these parameters. Additional colour kinetic data
versus time are available in the ESI.†

The more subtle impact of stirrer speed on the rate of cata-
lyst deactivation requires further discussion. When a 3-in-1
clamp was used on the stirrer hotplate, the DE proles shown
in Scheme 5 (bottom right) illustrate that the degradation rates
of three parallel runs were not reproducible. The temperature of
each vial was measured by a thermometer, and recorded a range
of 5 °C across three vials, and thus presumably contributed to
the observed rate differences. However, through re-examination
of the video, the stirring pattern of the stirrer bar in each vial
Scheme 5 Results of time-based DE analysis exploring broader
conditions affecting Pd precatalyst degradation. Benchmark condi-
tions from which all modifications were generated: [(Pd(OAc)2(PCy3)2]
(0.015 mmol), B2Pin2 (0.2 mmol), toluene (2 mL), 70 °C, 250 rpm.
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(dictated by the central single magnet mechanism of the hot-
plate itself) was identied as another possible contributor to the
notably distinct degradation patterns across the three vials.
Specically, the stirrer bar in vial 2 was set against the wall all
the time, leading to inefficient mixing of the solution. Poor
mixing, in turn, presumably hindered the degradation process
and the observed lack of any pronounced yellow to black colour
change. The stirrer bars within vials 1 and 3 behaved in
a similar way, providing more vigorous mixing versus vial 2.
However, vial 3, the hottest of the vials, turned to black only
aer 1 minute while vial 1 (5 °C cooler than vial 3) stayed at this
reddish-brown colour for 6 minutes. The extreme sensitivity of
catalyst deactivation to stirring prole is consistent with
stirring-enabled changes in gas–liquid mass transport, allowing
oxygen dissolution in solution at different rates. Alternatively,
these data may point to a nucleation event that triggers the
instantaneous degradation event, with more vigorous stirring
causing more microscopic glass shearing and glass surface
defects.77 See Scheme S6† for further data and discussion on
mixing.
Visually recording the impact of air versus argon in Pd black
formation

Next, the bulk colours of the catalyst solutions were compared
when run under inert atmosphere (argon supply, dry Schlenk
tube) versus exposed to air (Scheme 6). Once again, DE-time
proles were employed to track comparative changes over time.
As became insightful in later statistical analysis (vide infra),
Scheme 6 also serves to show that other colour parameters (in
this case, the blue channel from the RGB space) that are
extractable from the same video source can be used to describe
the catalyst degradation kinetics. Intriguingly, the colour tran-
sition was quantiably more gradual under inert conditions
than in air, as captured by our Kineticolor computer vision work
ow. The colour in the inert ask remained transparent (non-
Scheme 6 Top: Selected frames exemplifying the progress of Pd
precatalyst degradation under argon (left Schlenk tube) and air (right
Schlenk tube). Bottom left: DE degradation profiles showing different
progression of contrast change in each case. Bottom right: blue
channel (RGB) profiles showing a complementary analysis for that
shown in the DE profile. Conditions: [(Pd(OAc)2(PCy3)2] (0.05 mmol),
B2Pin2 (0.90 mmol), toluene (6 mL), 56 °C, 600 rpm.

© 2023 The Author(s). Published by the Royal Society of Chemistry
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opaque) brown aer 30 minutes. The air-exposed mixture fol-
lowed the sudden transparent (see-through) yellow to opaque
(non-see-through) black colour change of Pd black formation,
consistent with vial-based experiments (above). A related
experiment was carried out at the higher temperature of 72 °C,
and showed a similar but faster pair of trends, again consistent
with earlier vial-based experiments (Scheme S8†). Interestingly,
the brown solution formed under argon instantly turned to
black when it was exposed to air (Fig. S7†). These experiments
provided our rst evidence supporting the visual observation
that the integrity of an inert atmosphere for a sensitive catalytic
process could be recorded and quantied using our computer
vision method, without the need to use specic extraneous
indicators.78
Applying computer vision kinetics to Pd-catalysed borylation

Preliminary studies focused on analysing catalyst degradation
in isolation. Our investigation next looked at the analysis of
more synthetically-relevant catalytic Miyaura borylation reac-
tions, using the same catalyst. For this, we primarily focused on
recording the colorimetric differences emerging from bor-
ylation reactions performed in inert versus air atmospheres. To
cross-validate any interpretation of the colorimetric data
derived from our computer vision method, samples of the
reaction mixtures were taken for off-line analysis by 1H NMR
and LC-MS. Both borylation reactions (one each under air or
argon) started offwith a visibly similar yellow hue. Over 3 hours,
the reaction under air turned black, whereas the reaction under
argon maintained a more vibrant yellow coloration (Scheme 7).
Consistent with these observations, the maximum measured
concentration of borylation product was approximately 1.8-fold
higher in the argon atmosphere than under air. The results of
computer vision-derived DE for each reaction were overlaid with
independently measured concentrations for both aryl bromide
decay and boronate ester evolution. Based on DE, the reaction
under air displays a higher degree of contrast change (DEmax z
45; Scheme 7, right) throughout the whole process versus the
Scheme 7 The kinetic profiles of the Miyaura borylation reaction
under air (right) and argon (left). 1H NMR concentration data are shown
as hollow datapoints linked by dashed lines, plotted on the primary y-
axis. DE data are coplotted on the secondary y-axis in each case.
Conditions: [(Pd(OAc)2(PCy3)2] (0.01 mmol, 1 mol%), B2Pin2 (1.2 mmol),
PhBr (1.0 mmol), DMSO/dioxane (7 : 1, 4 mL total), KOAc (3.0 mmol),
1,3,5-trimethoxybenzene (0.5 mmol, internal standard), 70 °C,
600 rpm. Left Schlenk: under argon. Right Schlenk: under air.

© 2023 The Author(s). Published by the Royal Society of Chemistry
reaction under argon (DEmax z 23; Scheme 7, le). This part of
our investigation showed that the computer-vision-derived data
from ex situ video recordings of the reaction bulk were able to
provide useful and complementary information to that exposed
by off-line concentration measurements. Whereas offline
measurements tracked molecularly-specic analyte concentra-
tions, the camera captured the resulting macroscopic bulk
colour changes in the reactor. This is potentially valuable from
two perspectives. First, the bulk colour can (as in cases exem-
plied below) be dominated by the formation of the desired
product. In other cases, eeting levels of coloured impurity,
otherwise below the detection limit of variable in situ of offline
sampling methods, can be made trackable by this camera-
enabled bulk analysis approach.

The results of DE shown in Scheme 8 (non-preheated
conditions, right) exhibited a different but intriguing trend
within the rst hour of reaction versus the pre-heated case
(Scheme 8, le). It revealed an additional quick colour change
happening within 10 min of precatalyst addition, then the
reaction mixture nearly turns to its original colour at around
40 min, and the remainder of the DE prole is similar to the one
in Scheme 8, le. The additional colour change, not observed
when the component solutions are all pre-heated, is presumably
associated with thermally-promoted coordination of DMSO to
the palladium catalyst.79,80 In this way, analysis of the reaction
via computer vision, with its higher temporal resolution versus
off-line sampling, captures unrecorded kinetic details hidden in
the bulk.
Scheme 8 Left: The kinetic profile of Miyaura borylation combined
with DE and calculated concentration data (substrate and product).
Right: the combined kinetic profile of Miyaura borylation using a non-
preheated catalyst solution. In all cases, open triangles represent
substrate concentration by HPLC, open circles decaying over time
represent substrate concentration by NMR, open circles increasing
over time represent product concentration by NMR, and closed circles
(tightly spaced) represent colour/camera-derived data. Bottom:
screenshots from the video of the catalyst solutions at various time
points. Conditions: See ESI† for detailed breakdown of pre-heated
versus non-pre-heated distinction.

Chem. Sci., 2023, 14, 5323–5331 | 5327
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Investigating correlations between analytical datasets

Having found qualitative complementarity between the
computer vision and concentration datasets, we investigated
possible quantitative correlations between colour and off-line
concentration data. The latter had primarily been collected to
validate the interpretation of the colour kinetics derived from
our computer vision workow. Following a brief reaction opti-
misation process (see ESI† for details), the borylation reactions,
under air, nitrogen and argon, were monitored for 3 hours.
Once again, off-line samples were collected for 1H NMR and LC-
MS analysis. Under argon and nitrogen, there were relatively
subtle colour changes, visible to the eye, even with only 0.2–
0.5 mol% of catalyst used. Product concentration prole was
qualitatively consistent with the DE proles, where most of the
recorded contrast change occurred before 60 min. The DEmax z
20 was consistent with the subtle contrast of the pale-yellow to
dark yellow colour change observed over time. The kinetic
information made available by the computer vision work ow
could also be visualised from additional, more specic colour
model plots versus time, beyond the contrast changes captured
in DE (see Fig. S8†).

For this part of the investigation, lighting control and
camera choice played a more notable role. To this point in the
investigation, a key part of our computer vision kinetics
approach has been to demonstrate the value of capturing rela-
tive colour changes over time. Without reference to any absolute
colour, the time-based prole of the reactions has served to
highlight the important, time-sensitive events associated with
catalyst degradation and productive reaction progress. This
approach enables valuable bulk kinetics to be captured in
situations where lighting control is a challenge. However, to
formally investigate colour-concentration correlations in this
non-trivial metal-catalysed reaction mixture, we ensured use of
a single camera and light box to continuously capture footage
for several hours (see ESI† for full details). To further demon-
strate the accessibility of this approach, all data produced on
a single camera has been used without the need for formal
calibration against a standard.

To investigate possible correlations between computer vision
and off-line concentration datasets, time-matched samples
from each independent dataset were curated (see Table S1†).
Importantly for reactions under argon and nitrogen, the
selected correlations between off-line concentration and colour
measurements were consistent with the highest ranking Mutual
Information (M. I.)81 scores. As a probabilistic and non-
parametric complement to regression modelling, M. I.
ensured that the colour features modelled were those with the
most likely overlap in information relative to concentration
data, without necessarily assuming the relationships were
linear. This calculation alone provides compelling evidence that
bulk non-contact measures of reaction colour can provide
useful information on reaction progress, complementary to
direct measures of particular analyte concentration.

Scheme 9 exemplies the correlation using those colour
parameters calculated to carry high M. I. with product concen-
tration. To assess potential predictive power in these
5328 | Chem. Sci., 2023, 14, 5323–5331
correlations, cross-validated single-component linear regres-
sion for each colour-concentration pairing are also shown in
Scheme 9. For those reactions under argon and nitrogen, off-
line NMR-measured product concentration showed statisti-
cally signicant correlation and prediction of concentration
using several colour parameters of high rank in the M. I. anal-
ysis. The NMR correlation with the blue parameter from the
RGB colour space is exemplied in Scheme 9. Such correlations,
predictive power, and mutual information between colour and
concentration measures were broken for comparable reactions
under air (see VTNA and Mutual Information ESI† Sections). In
air, reactions turned more noticeably black compared to subtler
changes under argon and nitrogen.

Variable time normalization analysis (VTNA)82 evidenced
rst order reactions in catalyst under argon and comparable
reactivity under nitrogen. Compared to argon, the same reac-
tion under air stalled at 2.5-fold lower product conversion in the
same time. The correlations in Scheme 9 with the blue param-
eter are exemplied on account of their highest ranking among
all calculated colour parameters, as quantied by M. I. analysis.
The colour-concentration trends are qualitatively consistent
with those measurable by the more intuitive DE metric used
throughout this investigation (see ESI† for details).

To the best of our knowledge, the colour-concentration
correlations exemplied in Scheme 9 (and backed up by
mutual information calculations) are the rst of their kind for
a complex metal-catalysed reaction mixture. These correlations
provide the necessary demonstration that, in practically
demanding or restrictive environments, there is potential to use
camera data instead of the more sophisticated concentration-
capturing analytics to capture meaningful reaction progress,
without ever touching the vessel. Since the submission of this
publication, we have gone on to demonstrate the signicance of
this nding in the context of using non-contact cameras in
place of more invasive probe-based analytics, when the reaction
mixing prole has to be maintained between process-lab and
full manufacturing scales.83
Limitations

It is important to emphasise that the computer vision-enabled
kinetics method introduced here is built to complement exist-
ing analytics, not replace them. Such imaging methods provide
a non-contact, data-rich measure of the visible reaction bulk.
With appropriate verication from existing molecularly-specic
analytics (HPLC and NMR among them, as exemplied in this
study), it is envisaged that such measures of bulk kinetics may
provide t-for-purpose measures of reaction progress when
other analytics are more challenging to deploy.

It is also important to note that the Kineticolor methods
described herein measure surface level signatures of reaction
bulk. The aim here has been to more fully draw out the reaction
monitoring and model-building capacity that is unlockable
from everyday digital camera technology. While now partly
attended in a sister publication,83 no claim is made here to
attend the subsurface uid dynamics that may be hidden below
the detectable surface.
© 2023 The Author(s). Published by the Royal Society of Chemistry



Scheme 9 Top left: Exemplar of stalled product formation under air (red squares) versus under argon (blue circles) at 0.5 mol% catalyst loading,
as measured by 1H NMR. Top right: VTNA analysis consistent with first order kinetics in catalyst under argon. See ESI† for comparable nitrogen
data. Bottom left: concentration vs. colour parameter of maximum mutual information, and leave-one-out cross validated linear model of
concentration prediction from the same colour parameter for borylation under an argon atmosphere. Bottom right: the same correlation analysis
for a comparable borylation under a nitrogen atmosphere. The trends displayed here are consistent with those concluded by use of the more
widely used DE metric.
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Conclusions

We have demonstrated the analytical power of computer vision-
based kinetic proling of reaction bulk to follow reaction
progress. The method was demonstrated for analyses of both
isolated catalyst solutions and more analytically complex
Miyaura borylation reactions of broad utility under
synthetically-relevant conditions. In the study of inert versus air
atmospheres, modelling of colour kinetic data versus off-line
NMR and LC-MS sampling data evidenced a means of diag-
nosing successful versus failed reactions based on recorded
colour. Mutual information (M. I.), single-component linear
regression, and variable time normalization analysis were used
in combination to ensure that the most relevant colour-
concentration data were modelled. Thus, strong evidence has
been provided showing that bulk colour data recorded by non-
contact video recording contains valuable information
complementary to that obtained by more traditional sampling
for off-line concentration measurements. It is envisaged that
computer vision-enabled reaction monitoring will have
a broader range of applications of colorimetric kinetic analysis
of reaction bulk, in and beyond catalysis, at various reaction
scales. Broader applications of non-invasive camera-based
reaction monitoring are now ongoing in our laboratories.
© 2023 The Author(s). Published by the Royal Society of Chemistry
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