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Machine learning-guided discovery of gas evolving
electrode bubble inactivation†

Jack R. Lake,‡a Simon Rufer, ‡a Jim James,b Nathan Pruyne,b

Aristana Scourtas, b,c Marcus Schwarting,d Aadit Ambadkar,b Ian Foster,c,d

Ben Blaiszik *b,c and Kripa K. Varanasi *a

The adverse effects of electrochemical bubbles on the performance of gas-evolving electrodes are well

known, but studies on the degree of adhered bubble-caused inactivation, and how inactivation changes

during bubble evolution are limited. We study electrode inactivation caused by oxygen evolution while

using surface engineering to control bubble formation. We find that the inactivation of the entire pro-

jected area, as is currently believed, is a poor approximation which leads to non-physical results. Using a

machine learning-based image-based bubble detection method to analyze large quantities of experi-

mental data, we show that bubble impacts are small for surface engineered electrodes which promote

high bubble projected areas while maintaining low direct bubble contact. We thus propose a simple

methodology for more accurately estimating the true extent of bubble inactivation, which is closer to the

area which is directly in contact with the bubbles.

Introduction

Electrochemical gas-evolving electrode (GEE) design is relevant
for a multitude of industrial applications including water elec-
trolysis for renewable Hydrogen production,1,2 the Chlor-alkali
process for chlorine production,3,4 and electrochemically
mediated CO2 capture.5–7 The negative effects of bubbles can
be significant and have been reported to incur energy penalties
of up to ∼10% for water electrolysis,8,9 ∼20% for the chlor-
alkali process,10 and ∼25% for electrochemically mediated
amine regeneration.11,12 The Chlor-alkali process accounts for
approximately 2% of annual electricity usage in the United
States,13 and Hydrogen generation and CO2 capture are poised
to grow significantly, further motivating the study of bubbles

on GEEs.14–20 Bubbles of gaseous product adhered to catalysts
lead to catalyst inactivation, increasing activation overpoten-
tials. Bubbles cause further losses from impeding mass trans-
port and ionic conduction and induce concentration variability
near the electrode surface.8,21 A wide range of studies exist that
investigate GEEs, including the impacts of concentration over-
potential22 and generated concentration gradients around
bubbles,23 bubble nucleation models,24 and active methods to
enhance the departure of bubbles by using ultrasonic25 or
magnetic26,27 fields. Recent works have summarized current
progress and methods for the study and mitigation of adhered
bubbles on electrodes along with the formation of micro- and
nanobubbles.10,28–30 However, the fundamental means by
which bubbles inactivate the surface of GEEs and cause
changes to current density is an open area of research which
holds promise for optimizing these systems. Currently, the pre-
vailing understanding is that the projected area underneath a
bubble (the ‘bubble projected area’) has a small but nonzero
activity, but that this activity is small enough that it can be
acceptably treated as fully inactive and not at all contributing
to the reaction.31–33 Such works thus calculate the area inacti-
vated by a bubble as πR2, where R is the bubble radius, which
is equivalent to the orthogonal projection of the bubbles
maximal extent.31–33 However, recent experiments have shown
that the area underneath the bubble may actually be substan-
tially active,34 and thus the extent of bubble inactivation
remains an open question. With the goal of gaining a more
fundamental understanding of bubble inactivation in this
work, we employ surface engineering techniques to systemati-
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cally modulate the bubble–electrode interaction and use a
Machine Learning (ML) approach to detect bubbles and collect
data to quantify the effects of bubble coverage. We use the
Oxygen Evolution Reaction (OER) as our model system.

Significant research has used surface engineering to advan-
tageously alter the interactions between bubbles and electrode
surfaces. These approaches have focused on altering electrode
surface chemistry, surface roughness, or both to modulate a
GEE’s surface wettability and investigate the performance
impacts.35 For example, prior work has focused on the wett-
ability impacts caused by altering the surface chemistry of
nickel porous foams36 and patterned hydrophobically modi-
fied electrodes37 using polytetrafluoroethylene (PTFE), and
others have altered electrode wettability by modulating the
roughness of GEEs by using micropatterning.38 Other surface
modification methods have been demonstrated in attempt to
enhance performance of GEEs, such as promoting bubble
nucleation away from the GEE active surface39 and advan-
tageous bubble manipulation via capillarity.40 While the above
approaches attempt to improve performance, the fundamental
limitations arising from the extent of bubble passivation are
not well understood, precluding the systematic engineering
and optimization of bubble–electrode interactions. Along
these lines, our prior work shows how electrochemically-active
surface area (ECSA), which is a common metric for describing
active area, is not necessarily the best predictor of performance
due to bubble passivation.34 Generally, the use of metrics
which do not consider bubble passivation could lead to lower
performance and inefficient usage of precious material cata-
lysts. In this work, we aim to develop a fundamental under-
standing of the mechanisms by which bubbles passivate elec-
trodes to better quantify active electrode area. We leverage
surface engineering to systematically control bubble–electrode
interactions to isolate and study the most relevant passivation
mechanisms.

Accurate data of bubble sizes, positions, and states over
time is needed to perform quantitative analyses of bubble
inactivation. Traditional image analysis techniques such as the
Hough transform41–45 suffer from inaccuracies due to blurri-
ness and shadowing caused by departing bubbles and other
visual complexities of the electrode environment. Moreover,
changes in the lighting conditions or optical properties of the
electrode or bubbles between experiments require re-initializa-
tion and tuning of the data collection algorithms. To facilitate
facile collection of accurate data, we trained a deep convolu-
tional neural network (CNN) to detect electrochemical bubbles
adhered to the electrode. This Machine Learning (ML)
approach outperforms traditional image analysis techniques,
has the potential to generalize across electrodes, and will be
open-sourced for use.

Here, we use the ML-based bubble detection scheme to
quantify the extent to which bubbles cover and contact GEE sur-
faces, and in using an engineered electrode surface to systema-
tically alter these bubble characteristics, we elucidate the
extent of inactivation. Our findings indicate that the projected
area of the bubbles is not entirely inactivated, as is currently

assumed by state-of-the-art electrode–bubble interaction
models.31–33 We go on to determine a methodology to quantify
the bounds of bubble inactivation, finding the directly con-
tacted bubble area to be a better approximation. These new
findings provide an alternative framework by which to
approach how GEEs should be designed to limit electrocatalyst
inactivation during operation. By minimizing direct contact of
bubbles with GEEs, rather than bubble projected area, new
approaches and architectures for optimizing gas evolving
electrochemical systems can emerge. More broadly, our find-
ings can provide a framework for the optimal utilization of pre-
cious catalyst materials by minimizing unused catalyst area
caused by bubble passivation. These findings are particularly
important for porous electrodes and other novel architectures
with high active material loadings which are otherwise prone
to increased passivation by gas bubbles.46,47

Adhered electrochemical bubbles on
smooth electrodes

To measure the impacts of adhered gas bubbles on GEEs,
bubbles arising from platinum-catalyzed oxygen evolution in a
0.5 M H2SO4 electrolyte (no non-air gas saturation was per-
formed) was observed from a top-down perspective (Fig. 1A,
top). A circular active Pt working electrode of 3 mm in dia-
meter was patterned via photolithography, surrounded by an
inactive region of silicon nitride (Fig. 1A, bottom). The focus
of this study is on current density operation between 25
and 100 mA cm−2 on a geometric basis, beginning with
the onset of bubble generation and approaching a range
high enough to be of relevance for commercial electro-
chemical device operation, like for alkaline water electroly-
zer operation48 where bubble effects are industrially signifi-
cant. Chronopotentiometric experiments and data collection
are limited to a 30–60 seconds duration as defects begin to
occur on the smooth platinum, changing the surface pro-
perties and resulting in uncontrolled bubble nucleation in
areas not predetermined by the subsequently discussed
surface engineering process, which makes it difficult to accu-
rately assess the relationship between projected area and
contact area.

The nominal current density, jnom, is defined as the total
current passing through the working electrode, Itot, divided by
the working electrode’s geometric area, A:

jnom ¼ Itot
A

ð1Þ

In this work, we will denote the actual relative bubble inac-
tivation as ψ, such that the actual current density for the
working electrode during experiments is defined as:

jactual ¼ jnom
ð1� ψÞ ð2Þ

As such, ψ represents the true fractional portion of the elec-
trode area between 0 and 1 that is inactivated at a given time
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due to the presence of adhered bubbles. Prior works suggest
that ψ should be the bubble projected area: that is, the ratio of
the shadowed area of adhered bubbles on the surface of the
electrode to the total electrode geometric surface area49 as
shown in Fig. 1B. Here, we denote the bubble projected area
ratio as ϕ, and it can be calculated given the radius Rbubble, i of
each of n bubbles on the surface at a given time:

ϕ ¼

Xn
i

πRbubble; i
2

A . We separately define the bubble contact
area ratio between the contact area of adhered bubbles on the
electrode surface to the electrode’s total geometric surface area

as shown in Fig. 1B, and denote it as ε ¼

Xn
i

πRcontact; i
2

A . This
bubble contact represents the physical lower-bound of bubble
inactivation, as catalyst regions in contact with the gas phase
cannot facilitate a reaction. We aim to experimentally determine
whether the inactivated area is appropriately approximated by
the bubble projected area by performing a number of current-
controlled experiments under different degrees of both bubble
projected area and bubble contact area and measuring the

resultant electrochemical potential fluctuations. Two additional
current densities can be defined based on either the bubble
projected area or the contact area, as follows:

jproj ¼ jnom
ð1� ϕÞ ð3Þ

jcon ¼ jnom
ð1� εÞ ð4Þ

As demonstrated in prior work,34 adhered gas bubbles that
grow on extremely smooth surfaces such as those used in this
study do not experience pinning. Thus, an adhered bubble’s
contact line advances at a constant contact angle (θ) as the
bubble grows, as shown graphically in Fig. 1B. By using high-
magnification imaging from a side-view to image the contact
lines of bubbles on our smooth electrodes, we confirm a linear
relationship between bubble radius and contact line radius,
Rcontact = Rbubble sin(θ), where θ = 22° as shown in Fig. 1C. The
bubble contact area on our smooth electrode can therefore be
indirectly computed given any bubble’s radius, and the
contact and projected area are related in this case as ε =
ϕ sin2 θ. This transform enables the simultaneous tracking of

Fig. 1 Experimental definitions and design for bubble detection measurements of OER on smooth Pt electrodes. (A) (top) Experimental setup used
to acquire images used for bubble detection and analysis. (bottom) Representative images shown with red annotations for bubbles detected by ML
algorithm described later. (B) (top) Graphical schematic of an adhered bubble as its contact line is free to advance at a constant contact angle during
growth on the electrode’s surface. (bottom) Graphical illustrations of the bubble projected area and radius and bubble contact area and radius. (C)
(top) Schematic of the geometric relationship between bubble radius, contact radius, and contact angle. (bottom) shows the measured contact
radius as a function of the bubble radius for multiple growing adhered bubbles. Pearson correlation coefficient r shows high agreement between the
predicted values using the constant contact angle model where θ measurements were 22° ± 2°, in agreement with bubble contact measurements as
shown by dotted line and shaded upper and lower bounds. (D) Boxplots of bubble radius, bubble projected area ratio, and bubble count for adhered
bubbles imaged during experiments with smooth electrodes at multiple nominal current densities. Data collected by ML scheme for the first 30
seconds of operation. (E) jnom (gray trace), jproj (purple trace), and jcon (pink trace) current density values using bubble detection data.
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both bubble projected area and contact area given only the
size of the bubble, which is measured by the ML detection
system.

Using this experimental setup, we filmed the electrode
from above and applied our ML-based bubble detection algor-
ithm to capture relevant bubble metrics for each of the experi-
ments at 25, 50, and 100 mA cm−2 (see ESI Video 2A and B†).
Fig. 1D shows the distributions of adhered bubble size, bubble
projected area, and number of adhered bubbles over the
course of each 30 seconds experiment, with data collection
beginning at the start of the experiment. Each bubble which
appears in the 30 seconds experiment is given a unique identi-
fier, and each bubble is counted only once in each boxplot. We
find that as the nominal current density is increased, the
median and range of bubble size and bubble count also
increase. This leads to two effects, which are shown in Fig. 1E:
(i) as current density increases, jproj and jcon deviate more sig-
nificantly from the nominal current density, and (ii) variations
in jproj and jcon are greater at higher current densities.

We note that because the contact and projected area cannot
be decoupled on smooth electrodes, it is difficult to isolate
and assess the individual contributions of bubble contact and
projected area to inactivation. Though chemical alteration of
the surface energy could change the contact angle and decou-
ple contact and projected area, such changes also affect
electrocatalytic properties and introduce significant complex-
ity. We alternatively chose to alter the morphologies of our
electrodes to include small microscale ‘nanotextured spots’
with nanoscale roughness that promote the preferential
nucleation of gas bubbles and pin their contact lines, decou-
pling contact area from bubble projected area. This approach
also advantageously provides a greater degree of control over
bubble nucleation and interactions, enabling our ML bubble
detection algorithm to work more effectively. The ML algor-
ithm is described next, followed by the results and analysis for
the nanotextured spot electrodes.

Deep learning for bubble detection

To understand key relationships between bubble nucleation,
growth, and departure for time series experiments, we devel-
oped a supervised ML pipeline, and trained neural network
models to label individual bubbles across video frames. The
ML pipeline involves data collection, manual image labeling,
model training and validation, hyperparameter optimization,
and inference. A training set of manually labelled images was
taken from videos of GEE bubble evolution on both smooth
and nanotextured spot grid-nucleated surfaces. In all, over
1000 annotated instances of bubbles across 22 images selected
randomly from 9 separate videos were used during model
training. Classical data augmentation strategies such as blur-
ring, sharpening, rotating, cropping, and contrast enhance-
ment techniques were used to augment the dataset.

We trained two model architectures commonly used for
object detection and tracking, Mask R-CNN50,51 and Faster

R-CNN,52,53 to recognize bubbles and which is used to gene-
rate the bubble labels in all figures of this manuscript. A
graphical representation of the model architectures is shown
in Fig. 2A. The models were initialized with weights aggregated
from the COCO dataset.54 Models were first fine-tuned by
using images of bubble evolution on smooth surfaces, then
further tuned by using a set of labeled images of bubble evol-
ution on grid-nucleated surfaces. We also benchmarked our
supervised methods against an implementation based on
Hough circles, to serve as a classical computer vision base-
line55 (see ESI section 7†). Training, inference, and bench-
marks were run on an NVIDIA A100 GPU, with 70% of anno-
tated images used for training, 20% for validation, and 10%
for testing.

The model performance was further improved via hyper-
parameter optimization (HPO), with optimal parameters deter-
mined by the Asynchronous Successive Halving Algorithm
(ASHA).56 The model with the highest mean average precision
(mAP) and intersection over union (IoU) scores was selected
for data collection inference. mAP scores measure the pre-
cision in the predictions of overall bubble detections, and IoU
scores measure the overlap of the predicted bounding boxes
with the ground truth bubble annotations (i.e., the “tightness”
of the match). Examples of segmented image frames are
shown in Fig. 2B–D and a table detailing model performance
versus is included in ESI Table 1.† Additional details regarding
hand-labeling, minimum detectable bubble size, computer
vision methods, augmentation strategies, model architectures,
model training, and evaluation can be found in the ESI sec-
tions 6 and 7.†

Nanotextured spot grid patterned
electrodes to control adhered bubbles

To maximize the bubble projected area while minimizing the
bubble contact, surface engineering of regularly spaced nuclea-
tion-promoting nanotextured spots on the 3 mm electrode was
envisioned, as shown graphically in Fig. 3A. The design para-
meters for these electrodes are the spacing between adjacent
nanotextured spots, designated by b, and the diameter of each
nanotextured spot, designated by d. The initially designed
nanotextured spot electrode used a spacing b = 50 µm and a
diameter d = 10 µm. At the low and moderate current densities
of 25 and 50 mA cm−2, we demonstrate that bubbles preferen-
tially nucleate and grow almost exclusively at nanotextured
spot locations, as shown in Fig. 3C. The utility of nanotextured
spots for investigating the impacts of adhered bubbles are pri-
marily due to their ability to (1) spatially control the location
of adhered bubbles by promoting nucleation at these nanotex-
ture regions by lowering the free energy barrier to do so, and
(2) decouple the linear relationship between bubble projected
area and bubble contact that is observed for smooth electro-
des. This second benefit is shown graphically in Fig. 3B, as an
adhered bubble’s contact line is effectively pinned to the edges
of the nanotextured spot, keeping its contact area constant
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while the bubble radius grows and the bubble projected area
increases. By virtue of this approach, the bubble projected area
and bubble contact become decoupled, and the bubble pro-
jected area far exceeds the bubble contact. The bubble contact
is now solely a function of the number of bubbles adhered to
the working electrode’s surface, defined as ε = nAns where n is
the number of bubbles adhered to the electrode surface and

Ans ¼ π
4
d2 is the geometric area of a single nanotextured spot.

The high degree of control and repeatability offered by using
this approach makes it an ideal way to understand the way
that bubble projected area and contact area are related to the
dynamics of a GEEs electrochemical performance.

As shown in Fig. 3D, the b50 nanotextured spot electrodes
have a significantly greater number of adhered bubbles and a
greater bubble projected area ratio when compared to the
smooth electrodes (Fig. 1D) due to the increased pinning
afforded by the nanotextured spots. Moreover, bubble contact
areas remain small as the bubble contact is constrained to
only the nanotextured spot, thus effectively decoupling the
projected and contact bubble areas as intended. As shown in
Fig. 3E, this preferential promotion of bubble coverage allows
for bubble projected area derived current densities jproj to
approach twice that of the contact derived current density jcon,
which remains effectively equivalent to the nominal current
density.

It is of particular interest to note that the measured poten-
tials required to maintain equivalent nominal current den-
sities are almost identical in both the smooth and b50 nano-
textured spot electrode cases, as shown in Fig. 3F, despite the
b50 surface having a roughly 7-fold greater bubble projected
area. Even with the addition of the nanotextured spots, the
electrochemically active surface area (ECSA) for both the
smooth control surfaces and these b50 nanotextured spot elec-
trodes are within approximately 1% of one another, owing to
the minimal surface fraction that is occupied by the nanotex-
tured spot patterns. These results support the hypothesis that
bubble projected area may not be the primary driver of
inactivation.

The b50 nanotextured spot electrode successfully vali-
dated the morphological strategy for decoupling bubble
contact and projected area. However, operation at current
densities higher than 50 mA cm−2 was not practical due to
rapid coalescence-induced bubble departure which obfus-
cated the surface and decreased IOU scores as shown in
Fig. 2D (see ESI Video 3†). Increasing the spacing parameter
b and thus lowering the density of nanotextured spots was
expected to reduce the rate of coalescence-induced depar-
ture such that accurate data could be collected at higher
bubble coverages which accentuate the effects of bubble
coverage.

Fig. 2 (A) Diagram of the high-level ML architecture used for bubble identification. Note that the Mask R-CNN architecture has additional convolu-
tional layers to produce the masks, while the Faster R-CNN does not. (B) Image of b200 grid-nucleated surface with oxygen bubble nucleation
annotated with predictions and intersection over union (IoU) scores. Green denotes the highest IoUs (≥0.9) while red denotes the lowest (<0.7).
Bubble predictions were generated by using the Faster R-CNN V2 architecture. See Table S1† for overall mAP and IoU results per model architecture.
(C) Image of b50 grid-nucleated surface with oxygen bubble nucleation, also annotated with predictions and IoU scores. (D) Subset of inset (B) high-
lighting bubble predictions with various IoU scores. Note that Bubble 105, with an IoU < 0.7, is a false positive detection of bubbles after they have
detached from the surface. Only attached bubbles are considered valid predictions. Low-scoring predictions are frequently false positives or tiny
bubbles.
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Optimizing nucleation grid promoting
electrodes to maximize projected area

To lower the density of nanotextured spots on the working
electrode, a spacing parameter of b = 200 µm was used, lower-
ing the number density of nanotextured spots by an order of
magnitude relative to the b50. This b200 nanotextured spot
electrode design was intended to enable regular release of
bubbles of a maximum diameter that is approximately equi-
valent to the spacing size. This is because at high occupancy of
bubbles on nanotextured spots, the primary mechanism by

which most bubbles will depart becomes coalescence-induced
departure. As bubbles encounter a neighboring bubble,
coalescence will occur which will transfer surface energy to
potential energy via a ‘jump’ in the resulting coalesced bubble,
as has been previously studied57 (see ESI Video 1†).

As shown visually in Fig. 4A, at moderate and high current
densities of 50 and 100 mA cm−2, there is a high degree of
bubble occupancy on the b200 electrodes. As shown in Fig. 4B,
the median bubble counts adhered to the electrode at a given
time are between 100 and 150, close to the total number of
nanotextured spots for the b200 design (164), demonstrating
the high occupancy. This results in high bubble projected

Fig. 3 Surface engineering of electrode surfaces to include a regularly spaced grid of nucleation-promoting nanotextured spots to enhance the
bubble projected area while decoupling its relationship from the contact radius for adhered bubbles. (A) Graphic illustration of the design space for
nucleation-promoting nanotextured spots with a spacing b between adjacent nanotextured spots of diameter d. (B) Graphic illustration showing
how nanotextured spots decouple the relationship between bubble radius and contact radius, as the contact line is pinned to the edge of the nano-
textured spot, limiting its ability to advance as on smooth surfaces. (C) Illustrative images of a nanotextured spot patterned electrode with para-
meters b = 50 µm and d = 10 µm, operating at 25 mA cm−2 and 50 mA cm−2, as shown from left to right, with labels generated by the ML algorithm.
(D) Boxplots describing the statistics for the bubble radius, bubble projected area ratio, and bubble count of adhered bubbles imaged over the first
60 seconds of experiments with the b50 nanotextured spot electrodes at multiple nominal current densities. (E) Projected area-derived, jproj, and
contact derived, jcon, actual current densities over time based on projected area and contact data. (F) The working electrode measured potential as a
function of time during current-controlled experiments at the nominal current densities labeled for both the b50 nanotextured spot patterned and
smooth electrodes.
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area ratios ranging between approximately 0.2 and 0.5.
Additionally, the ability of the nanotextured spot electrodes to
control the bubble sizes at high current densities is demon-
strated by the tightly controlled distributions of bubble radii
centered near b/2 in Fig. 4B.

These electrodes periodically shed groups of bubbles via
coalescence-induced departure, creating regular fluctuations
in the bubble projected area which is especially pronounced at
the highest nominal current density tested of 100 mA cm−2.
This behavior manifests in the significant and sustained fluc-
tuations of the bubble projected area-derived current density,
as shown in Fig. 4C. These periodic trends are highlighted for
the final 10 seconds for the 100 mA cm−2 b200 electrode case

in Fig. 4D. The current fluctuations are tightly temporally
aligned with the fluctuations in measured potential of the
working electrode, Ewe. The average peak and trough values of
jproj over this period are roughly 163 mA cm−2 and 131 mA
cm−2, and correspond to a fluctuation in Ewe of only approxi-
mately 2 mV as shown in Fig. 4E. These relative changes of
∼25% in jproj are unexpectedly large given the ∼0.1% change
in Ewe. We therefore seek to propose physical arguments to
justify that these small measured changes in Ewe could not be
responsible for such large changes in current density, as
would be required if the bubble projected area-derived current
density were actually an accurate descriptor of the actual
current density.

Fig. 4 Optimizing the spacing of nucleation-promoting nanotextured spot electrodes to limit the size of departing bubbles, maximize bubble pro-
jected area during operation, and induce periodic oscillations in bubble projected area. (A) Illustrative images of a nanotextured spot patterned
electrode with parameters b = 200 µm and d = 10 µm, operating at 25 mA cm−2, 50 mA cm−2, and 100 mA cm−2, as labeled from left to right with ML-
generated labels. (B) Boxplots describing the statistics for the bubble radius, bubble projected area ratio, and bubble count of adhered bubbles imaged
during experiments with b200 nanotextured spot-patterned electrodes at multiple nominal current densities. (C) Projected area-derived, jproj, and
contact derived, jcon, current densities over time based on projected area and contact data. (D) Final ten seconds of 100 mA cm−2 nominal current
density experiment highlighted in C to show the synchronization of periodic oscillations in working electrode potential Ewe with bubble projected area
ratio and bubble count. (E) jproj varies significantly between the average peak and average trough current densities in the last 10 seconds of operation,
while the electrode potential varies by approximately 2 mV. (F) Given the ∼2 mV fluctuations in potential at 100 mA cm−2, the fluctuations in projected
area-derived current density exceed the upper-limit Butler–Volmer model (dashed line), while the contact area-derived current density fluctuations
remain below this upper limit. (G) Complete time-series of electrode potential over 60 seconds for each nominal current density.
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Physical arguments for most relevant
bubble inactivation metric

To obtain a physical upper limit for fluctuations in actual
current densities achievable for a given fluctuation in
measured potential, the Butler–Volmer model in the upper
limit of the Tafel Regime was used:

jupper limit ¼ j0 exp
αzF
RT

η

� �
; ð5Þ

where j0 is the exchange current density, α is the transfer coeffi-
cient, z is the valence of relevant electron transfer, F is Faraday’s
constant, R is the universal gas constant, T is the temperature,
and η is the overpotential applied to the electrode.58

This equation represents the upper limit of a current
density that is achievable for a given absolute overpotential, as
it only considers activation losses at the electrode, neglecting
the relevant effects of mass transport or ohmic losses that also
limit the current achievable for a real GEE, especially when
operating at high reaction rates (note that all potentials are not
iR-corrected). Neglecting mass transport and ohmic losses is a
conservative assumption, as these effects are positively corre-
lated with bubble coverage. For a complete justification of this
assumption, please see the ESI section 5.† To apply this physi-
cal upper limit to the experimentally observed current and
potential fluctuations, we form a ratio between the peak and
trough conditions of the electrode shown in Fig. 4D. This ratio
relates how a change in overpotential would cause relative
increases in the actual current density if activation losses were
the sole source of loss in the system, ignoring all other effects,
as shown in the following equation:

j2
j1
¼ exp

αzF
RT

Δη
� �

: ð6Þ

Here, j2 and j1 represent the peak and trough actual current
densities during fluctuations of the electrode under test, and Δη
represents the difference in overpotential between those two
conditions (i.e., Δη = η2 − η1). Observing these relative changes
conveniently eliminates the exchange current density, which
can vary by orders of magnitude depending on the conditions
of the reaction and materials used. Instead, we only require a
reasonable value for the transfer coefficient, whose value is less
variable and can be found in literature to be approximately 0.5
for Pt-catalyzed OER at high overpotentials.59

We plot the fluctuations of the overpotential during the b200
100 mA cm−2 experiment against the fluctuations of different
current density metrics and compare them with the upper
physical limit imposed by the Butler–Volmer kinetics in Fig. 4F
to assess the viability of the metrics. When the bubble contact-
derived current density fluctuations and corresponding changes
in overpotential are plotted against the upper-limit model in
Fig. 4F, we see these points fall below the model. This implies
that the reaction is not operating in a purely kinetically-limited
regime, which is sensible given that there are other losses due
to mass transport and ohmic effects. However, the data consid-

ering bubble projected area-derived current densities fall above
the physical upper bound. This is a non-physical result, as it
implies that the electrode is able to induce greater changes in
actual current densities for a given change in overpotential than
a purely kinetically limited reaction. The small fluctuations
observed in overpotentials despite marked changes in bubble
projected area indicate that physical inactivation of the entire
bubble projected area of an electrode is not possible.

We therefore propose that the actual inactivation of the
electrode’s surface ψ must lie somewhere between the contact
area fraction ε and Kϕ, rather than the bubble projected area
metric ϕ. Here, K represents an experimental factor which is
less than 1, and is the maximum possible fraction of the
bubble projected area which is active. The K factor can be

determined by interrogating the limiting condition when
j2
j1

reaches its highest physically allowable value,
j2
j1

����
lim

(i.e. on the

dashed blue line of Fig. 4F). In our case, a 2 mV fluctuation

corresponds to a maximum
j2
j1

����
lim

of 1.04. The following

expression relates K and
j2
j1

����
lim

:

j2
j1

����
lim

¼
jnom

1� Kϕmax
jnom

1� Kϕmin

¼ 1� Kϕmin

1� Kϕmax
ð7Þ

Here, ϕmin and ϕmax correspond to the average trough and
peak bubble projected area ratios respectively. Eqn (7) can be
combined with eqn (6) to yield the K factor as a function of
fundamental quantities, the fluctuation in potential due to
bubble inactivation Δη, and the peak and trough bubble pro-
jected area ratios only:

K ¼
exp

αzF
RT

Δη
� �

� 1

exp
αzF
RT

Δη
� �

ϕmax � ϕmin

ð8Þ

In our case, K = 0.24, again suggesting that the majority of
the area underneath electrochemical bubbles is active.

Taken together, we suggest that the recently introduced
bubble-induced electrochemically active surface area (BECSA)34

be defined relative to its ECSA as BECSA = ECSA × (1 − ψ),
where ψ is bounded as ε < ψ < Kϕ. When the bubble contact on
a surface is described by a constant contact angle θ, ψ can be
further defined as (sin2 θ)ϕ < ψ < Kϕ. The K factor is undoubt-
edly a function of many physical conditions such as electrode
chemistry and morphology, pressure, electrolyte chemistry,
and can be estimated for other systems with the same method-
ology demonstrated herein. We believe utilizing BECSA with
the appropriate K factor to calculate the actual current density
provides a more accurate representation of the dynamic
current densities of a GEE during operation, and help to better
understand the inactivating effects of bubbles.
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Conclusions

We have systematically studied the dynamic relationship
between bubble projected area and bubble contact on both
smooth and surface engineered Pt Oxygen evolving electrodes
and used these studies to form a more fundamental under-
standing of the degree to which bubbles inactivate GEEs. To
enable this work, we developed a machine learning based
bubble detection algorithm to collect large datasets in a facile
manner without the need for human intervention to annotate
bubbles adhered on the electrode surface. This tool can be
useful not only for scientists studying electrochemically gener-
ated bubbles, but also for those studying other adhered
bubbles. While pristinely smooth electrodes cause a bubble’s
radius and its contact to be linearly related to the contact
angle formed at the electrode, surface engineered electrodes
were shown as a useful way to decouple this relationship.
Nucleation promoting nanotextured spot arrays were demon-
strated to both control where bubbles nucleated spatially and
limit the contact of bubbles to nanotextured spot areas, allow-
ing for increased bubble projected area while maintaining
minimal bubble contact for electrodes under test. An opti-
mized version of these nanotextured spot engineered electro-
des was demonstrated to produce periodically fluctuating
bubble projected area as adhered bubbles of a controllable
size were regularly released via coalescence-induced departure
with neighbors. Future work may focus on further improving
the ability of electrodes to facilitate rapid bubble departure.61

Our kinetic model shows that assuming the bubble projected
area is fully inactivated leads to non-physical results. The K
factor defined herein is a physical property of any given elec-
trode and its condition, and can be used to estimate the true
extent of bubble inactivation. It can be easily determined with
our methodology which requires only a chronoamperometric
potential trace along with temporal bubble coverage data.
Thus, an important new GEE design paradigm emerges that
can focus primarily on minimizing the direct contact between
adhered bubbles and an electrode, as opposed to the conven-
tional bubble projected area metric. This new perspective
brings with it important implications for the fabrication of
more efficient high-active area electrode architectures and may
afford a decreased dependence on precious catalyst materials.

Notes

This report was prepared as an account of work sponsored by
an agency of the United States Government. Neither the
United States Government nor any agency thereof, nor any of
their employees, makes any warranty, express or implied, or
assumes any legal liability or responsibility for the accuracy,
completeness, or usefulness of any information, apparatus,
product, or process disclosed, or represents that its use would
not infringe privately owned rights. Reference herein to any
specific commercial product, process, or service by trade
name, trademark, manufacturer, or otherwise does not necess-

arily constitute or imply its endorsement, recommendation, or
favoring by the United States Government or any agency
thereof. The views and opinions of authors expressed herein
do not necessarily state or reflect those of the United States
Government or any agency thereof.
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All videos of bubble evolution and labeled images for network
training are made available on the Materials Data Facility.60

Github repository including training codes: https://github.
com/differentiate-catalysis/catalyst-bubble-detection/tree/main.

Data and figures are available upon reasonable request
from the corresponding authors.
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