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Catalyst layersin proton exchange membrane fuel cells consist of
platinum-group-metal nanocatalysts supported on carbon aggregates,
forming a porous structure through which anionomer network percolates.

Thelocal structural character of these heterogeneous assemblies is directly
linked to the mass-transport resistances and subsequent cell performance
losses; its three-dimensional visualization is therefore of interest. Herein
we implement deep-learning-aided cryogenic transmission electron
tomography forimage restoration, and we quantitatively investigate the full
morphology of various catalyst layers at the local-reaction-site scale. The
analysis enables computation of metrics such as theionomer morphology,
coverage and homogeneity, location of platinum on the carbon supports,
and platinum accessibility to the ionomer network, with the results directly
compared and validated with experimental measurements. We expect that
our findings and methodology for evaluating catalyst layer architectures
will contribute towards linking the morphology to transport properties and
overall fuel cell performance.

The design of catalyst layers for proton-exchange membrane fuel
cellsinvolves an optimal interplay between metallic nanoparticles
(2-3 nm, heavy-element and crystalline) and the carbon supports
(mostly amorphous, porous structures) in relation to the coverage
provided by an ionomer network (down to a couple of nanometres,
amorphous and highly sensitive to radiation damage)'*. This structure
dictates mass-transportand, hence, performance losses’, but its com-
plexity renders three-dimensional visualization of the interactions of
the catalyst layer components very challenging across the spectrum of
imaging methodologies. The location of the nanosized metallic cata-
lystsonthe carbon supports was previously successfullyimaged using
electrontomographyinatransmission electron microscopy (TEM) or
scanning TEM (STEM) mode*”’. Electron tomography is an inherently
dose-intensive technique and thus these studies omitted information
onthe extremely electron-beam-sensitive ionomer phase®'°. The poor
contrast between theionomer and carbon support™'?also makes quan-
titative analysis a challenging computer vision problem. lon exchange
with heavy metals has been used as an enhancing preparation step for
techniques based on mass-contrast such as high-angle annular dark-
field STEM™" or X-ray absorption for nanocomputed tomography™".

However, the nanocatalysts cannot be resolved in this case as the
intensities of the different phases overlap, or for lack of resolution.
Moreover, the impact on the morphology of the ionomer layers and
on their interaction with radiations remains unclear®®. Other studies
employed fluorine chemical mapping to gain insights into the iono-
mer morphology within catalyst layers using either electrons' or
photons* ™ as ionizing radiation, but were systematically faced with
trade-offs between resolution and radiation damage for access to three-
dimensional data. Atomic force microscopy was recently implemented
to characterize the evolution of ionomer layers during operation®*?,
butits surface nature inherently brings limitations to imaging of bur-
ied nanocatalysts. So far, no single microscopy method has been suc-
cessful in providing structural characterization of catalyst layers and
quantitative analysis of the interactions of the components directly.
To achieve three-dimensional nanoimaging of catalyst layers, we
implement electron tomography at cryogenic temperatures (cryo-ET)
on dispersed or microtomed samples while leveraging deep learn-
ing methods for denoising and segmentation to obtain quantitative
information. We start by investigating catalyst layers with graphitized
supportsand variousionomer contents, finding that microtomy—asa
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Fig.1| Cryo-ET workflow and analyses on Nafion-LSC-platinum aggregates.
a, Schematic demonstrating electron tomography acquisition. Aggregates
aredispersed onagrid and imaged over >70 anglesin 2° increments.

b, Representative projections acquired during the tilt series. Scale bar, 50 nm.

¢, Average beam-induced degradation measured from thickness loss of ionomer
layersimaged at 98 K. Data points are the mean, whereas the shaded area
represents1s.d. (N=11).d,e, Multi-orthoslices view (d) and representative
tomograms (e) of a 0.7 w/w Nafion/LSC with 8.7 wt% platinum on carbon (sample
LSC7in Supplementary Table1). Scale bar, 50 nm; scale cube, 20> nm>. A line

lonomer l
Carbon
Platinum
h 1/C w/w (layer): 0.35 == 0.7 =12
lonolgy 5 09 YT
_ cabon] & 081 0.76 ros
E core E}) 0.7 4 Fo7 8
8 £ 061 055 o6 §
s 3 054 Fos =
k] ] a
o Carl 8 0.4 4 0.32 0.4 Q
sh £ 034 Los &
3 g
? | L
: 02-0.15 02 &
0.1 F o1
Grey value (a.u.) 'g 0.0
O 0 - -0

profile of the grey levels is plotted along the orange dashed arrow in e to point
out the different features. Shaded areas are provided as guides to identify
regions that correspond to theionomer phase (blue), carbon shells (dark grey)
and carbon hollow cores (light grey). f,g, Segmentation results from the same
aggregate (f) and corresponding surface rendered view (g). h, Quantitative
analysis of the carbon coverage and effective I/C w/wratio in aggregates from the
catalyst layers prepared with differentionomer content (samples LSC3, LSC7 and
LSC12in Supplementary Table1).

sample preparation method for three-dimensionalimaging—is critical
for preserving theionomer network’s morphology. This enables the full
characterization of asection of catalyst layers fabricated with porous
carbon supports,inwhicha3 nm highly continuousionomer network
is seen to cover 80% of the exterior carbon surface, whereas thicker
ionomer morphologies such as strands and aggregates can reach
24 nmin thickness. We further differentiate between the thickness of
theionomer film on surfaces and within the network to understand the
pathways of proton and gas diffusion. We also investigate the accessibil-
ity of platinum surfaces by the network and relate this to electrochemi-
cal measurements in low relative humidity conditions. Most external
nanoparticles are seen to be accessible but partially covered by the
network, resulting in 15% of all platinum surfaces in direct contact
with the ionomer. The findings demonstrate the potential of cryo-ET
for determining the morphology of catalyst layers.

Results

Cryo-electron tomography of catalyst layer aggregates
Electronimaging of organic specimens®?, including ionomers®>', is
typically performed at cryogenic temperatures because it reduces the
rate of radiolysis, whichis the prime source of electron beam-induced
damage in such materials. To access volumetric information, we com-
bine such an approach with electron tomography, where a series of
projectionimages is acquired over incremented specimen tilt angles
and used to compute athree-dimensional reconstruction of the speci-
men. A schematic of the microscope configuration operated under
these conditions is depicted in Fig. 1a, and examples of bright-field
TEM images of a Nafion-low surface carbon (LSC)-platinum aggre-
gate at increasing tilt angles are shown in Fig. 1b. As demonstrated
in Fig. 1c and Supplementary Fig. 1, operation at 98 K with a cumula-
tive electron exposure of 80 e A2 results in a10-40% thickness loss
in the nanometre-thick layers found in the catalyst layers. To achieve
atradeoff between signal and electron beam-induced damage, a tilt

8,919

series was acquired at a low accumulated electron dose of <40 e” A
(see Methods for further details and Supplementary Note 1 for the
estimation of the minimal electron dose), thus inducing only limited
degradation (see Supplementary Fig. 2). Volumetric reconstruc-
tions were then computed with the cryo-CARE method***, which
integrates a denoising procedure (see the Methods for details and
Supplementary Fig. 3 for the data preparation and processing pipe-
line). Line profiles and image quality quantification in Extended Data
Fig.1a-d demonstrates that this workflow performed much better than
other methods.

InFig. 1d,e we show the results of the reconstruction and denois-
ing procedure on an aggregate from a catalyst layer fabricated with
Nafion ionomer, LSC supports and platinum nanoparticles (sample
LSC7 in Supplementary Table 1). Evaluation of the resolution using
Fourier shell correlation curves (FSCs; Extended Data Fig. 1e) showed
that the denoising procedure resulted in animprovement from 23.7 A
t016.9 A (ref. 32). Close inspection of the reconstruction reveals that
all three phases in the aggregate can be identified on the basis of a
complex combination of contrast and textural changes. As exempli-
fied by the tomogram and line profile in Fig. 1e, the dense and highly
graphitized shell of the carbon particles results in a darker contrast
that surrounds a typically hollow and bright porous core. This shell was
found to vary from a few carbon layers to tens of nanometres, which
was further corroborated by high-resolution TEM images (Supplemen-
tary Fig.4). Platinum nanoparticles exhibit the darkest contrast with a
characteristic size of 2-5 nm. The ionomer is identified by exclusion,
as a smooth, typically continuous and slightly lighter binding phase
surrounding—or between—the carbon and platinum particles. Sup-
plementary Video1shows animated tomographicslices inloop within
6-nm-thick sub-volumes of representative reconstructions to aid with
visualization of the components.

Gaining quantitative insights from the reconstructions requires
segmentation of the different phases. As all of the components are
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discernible to the human eye, this task could be performed entirely
manually, but the size and complexity of the volume makes segmenta-
tion effectivelyintractable at scale. Automationisthen desirable; but,
as demonstrated by the line profile in Fig. 1e, conventional grey-level
thresholding is challenged by the low intercomponent contrast. Fur-
thermore, the remaining reconstruction artefacts canresultin strong
intracomponent contrast variations and areas of uncertainty. To over-
come this challenge, we investigated whether deep-learning-based
methods could learn from manual annotations and subsequently
perform as well as a human operator in segmenting unseen data.
Specifically, and for each reconstruction, we trained a U-Net convolu-
tional neural network, whose architecture has been shownto perform
particularly well on microscopy images and in data-scarce regimes™.
Eachtraining dataset was obtained by manually annotating one-in-ten
z-sections, as depicted in Extended Data Fig. 2a. We note that these
annotations are central to the accuracy of the segmentation pipeline
and care was taken to ensure their quality. Where artefacts created
ambiguities, an informed choice was made by closely inspecting the
surrounding region.

After training, each model was validated by evaluating the per-
formance against manually segmented tomograms that were unused
fortraining (see Methods for details on the data preparation, training
scheme and validation). Extended Data Fig. 2c,d and Supplementary
Video1show thatthe method overall provides accurate segmentation
ofall components and demonstrates performance on par with human
annotations on most phases. Specifically, theionomer was segmented
with a 0.86 precision, meaning that 86% of ionomer predictions from
the deep learning model were similar to human ones, that is, only 14%
were false positive in this volume. Applying the model to the entire
reconstruction allows visualization of the segmented volumes (see
Fig.1f,g). We note that each reconstruction in this work was segmented
by aunique deep learning model and that the training is not universal.

InFig.1hand Extended DataFig. 3 we demonstrate that processed
reconstructions can provide qualitative and quantitative information
byinvestigating aggregates obtained by dry-dispersion of three model
catalystlayers with varyingionomer-to-carbon (I/C) weight ratios (0.35,
0.7 and 1.2 w/w; see Methods and Supplementary Table 1 for fabrica-
tion and preparation details). Volumes in Extended Data Fig. 3 allow
visualization of the morphology of the aggregates and the localization
ofthe different components withrespectto each other. Furthermore,
the segmented reconstructions allow computation of arange of mor-
phological metrics characterizing the ionomer-platinum-carbon
interactions (see Methods and Supplementary Note 2 for details on
the calculations). With anincreasing I/C ratio of the LSC electrodes, a
monotonic uptrend of the local I/C weight ratio, and of the computed
carboncoverage, is observed (Fig.1h); however, the computed I/Cratio
was systematically lower than expected, which we mainly attribute to
disruptive effects from sample preparation by dispersion. To mitigate
these effects, partial embedding® and sectioning in ultramicrotomy
were used in the following.

Structure of catalyst layers

To gain insights into the morphology of a typical proton-exchange
membrane fuel cell cathode, we studied a catalyst layer with 19.8 wt%
platinum supported on high-surface-area carbons (HSC; porous Ketjen-
black), and fabricated ata 0.7 w/wl/Cratio witha3M 800 EWionomer
(sample HSC7 listed in Supplementary Table 1). Sample preparation
with microtomy was found to maintain a well-preserved open porosity
while being amenable to tomography (as illustrated by the tilt series
in Supplementary Video 2). Fourier shell correlation curves indicate
a17.5 A resolution in the reconstructed volume.

Segmentation was performed following the same method-
ology established on LSC samples. In this case, the outermost,
pseudo-graphitic layers of the carbons were usually well evidenced
duetothegreater spacing of interlayers compared with the graphitized

LSCs. Furthermore, the internal porosity causes textural variationsin
the carbons, as opposed to theionomer, which was typically smoother.
Side-by-side comparisons between greyscale tomograms and segmen-
tation results are presented in Supplementary Video 1 and Extended
Data Fig. 2e,f. There again, the deep learning model trained for this
volume was found to perform well compared to manual annotations
asshownin Extended Data Fig. 2g. Performance metrics were found to
beclosetothe ones computed onthe LSC7 sample, demonstrating the
reproducibility of the method in matching human performance across
different samples. Energy dispersive spectroscopy (EDS) analysis on
the site of the tomographic reconstruction was also performed, as
detailed in Supplementary Fig. 5. We find that signals associated with
theionomer can be seen throughout the layer and overall match with
the segmentationresults, despite limitations inimaging thinionomer
layers with EDS (further discussed in Supplementary Note 3).

Asurface rendering of the segmented reconstructionis presented
in Fig. 2a, and an animated visualization of the volume is available in
Supplementary Video 3. Relatively small and oriented carbon aggre-
gates—formed of primary beads 20-40 nmin diameter—are observed,
similar to the structures seenin TEM images of dispersions of the Pt/C
catalyst (some examples of which are shown in Supplementary Fig. 6).
Theexternal surface area of the primary carbon particlesis calculated
to be 120 m? gc‘alrbon, not accounting for the internal porosity of the
HSCs, which is in the range of typical solid, non-porous carbon sup-
ports®. Internal platinum nanoparticles and some carbon pores can
be visualized in the reconstruction (Supplementary Fig. 7), but asub-
stantial 50% of the surface fraction of this porosity is known to be held
in pores smaller than the resolution of our data®®; pore analysis was
thus excluded from thiswork. Theionomer networkis visible as strands
and thick patches connecting carbon aggregates and we calculate an
1/C weight ratio of 0.73 (see Fig. 2b), which is in excellent agreement
with the bulk value of 0.7.In comparison with results from dispersions
inFig.1, thisdemonstrates theimportance of adequate sample prepara-
tion for analysis of the ionomer phase.

We thenstudied the ionomer network morphology—animportant
characteristic of catalyst layers linked to reactant mass transport resist-
ancesand fuel cell performance® . A connected components analysis
oftheionomer phase (Supplementary Fig. 8) indicates high connectiv-
ity with the single largest component accounting for 99.4% of the
ionomer volume. Coverage of the external carbon surfaces is found to
reach 78% in this area, indicating that at this ionomer content, the
majority of exterior carbon surfaces are in contact with the ionomer
phase. To investigate the thickness and homogeneity of the network,
we first computed the ionomer network thickness distribution using
the local thickness algorithm*°, which accounts for the thicker areas
and strands, and relates therefore to proton transport within the net-
work. We compare this with the carbon coverage and platinum coverage
thickness distributions, obtained by calculating the distance from their
respective surface to the nearest pore between the primary carbon
particles (see Methods for details) which pertain more directly to
oxygen transfer through the ionomer film. A colour-coded 3D map of
the local thickness is presented in Fig. 2c, alongside with magnified
sections taken fromthe volume andillustrating the difference between
the two calculation strategies. The corresponding distribution plots
are shown in Fig. 2d. We find a wide range of ionomer thicknesses, as
observed previously from 2D micrographs* and hybrid simulation-
observation methods', with the network being on average 9.2 nm thick.
The map and distribution also demonstrate the presence of large
ionomer areas, up to 24 nmthick. Interestingly, complementary results
obtained with ion-exchange (and discussed in more detail in Supple-
mentary Note 4 and Supplementary Fig.12) indicate that phase separa-
tion may exist within these large agglomerates of pure ionomer. In
comparison, the platinumand carbon coverage extracted data exhibit
narrower and close distributions, with mean thicknesses of 4.9 and
5.7 nm, respectively, and a mode centred around 3 nm in both cases.
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Fig.2|Cryo-ET reconstruction of amicrotomed 3M ionomer-HSC-platinum
catalyst layer and ionomer network analysis. The catalyst layer was

prepared with a 0.71/C weight ratio and a19.8 wt%,, catalyst (sample HSC7 in
Supplementary Table1).a,b, Segmented reconstruction (a) and measurements
of I/C weight ratio and carbon surface coverage (b). Error bars represent the
measurement error due to segmentation (see Methods). Scale cube, 20° nm?>.

¢, A3D map of theionomer local thickness, and magnified images illustrating
the difference in calculation to the local thickness algorithm, and a graph-based
distance calculation from the external pore. Scale bar, 20 nm. d, Distribution of
theionomer thickness plotted for different sampling and calculation methods.
The network thickness is sampled randomly throughout the ionomer in the local
thickness map, whereas carbon and platinum coverages are sampled randomly at
their respective interfaces with theionomer in the distance-from-pore maps.
The cutoffat1.5 nmaccounts for the resolution limit.

This comes close to ageometrical estimation of the average ionomer
thickness of 3.8 nmat 0.7 w/w1/C, 120 m? gc‘alrbon and 78% coverage on
ahypothetically planar carbon surface, with a higher value anticipated
for results from tomography due to the more complex geometry.
Furthermore, inspection of bright-field TEM images of the same
microtomed sample (Supplementary Fig. 9a-e) demonstrates that
similar ionomer morphologies are observed across the section,
whereas measurements of the thickness of the ionomer coverage are
closely matching the tomography results (Supplementary Fig. 9f).
To further study the representativeness of these results, the I/C
weightratio, carbon coverage fraction and carbon coverage thickness
were computed on three sub-areas from the volume used in Fig. 2.
Theresults are plotted in Supplementary Fig. 10. The I/C weight ratio
was found to considerably differ in the sub-areas, which is coherent
with the few largeionomer agglomerates accounting for a substantial

fraction of the ionomer volume. The carbon surface coverage and
coverage thickness were found to closely match the measurements that
included the entire volume. Furthermore, we performed EDS analysis
of the microtomed section (Supplementary Fig. 11), which indicates
that, at 1o, the platinum-normalized fluorine signal varies by less than
8.4% from its mean over areas of 0.5 um?. Under the assumption that
platinumis well distributed inthe electrode, this suggests thationomer
distribution throughout the layer was relatively homogeneous. Taken
together, these results suggest that analyses performed at the scale
accessiblein electron tomography canbe considered representative.

In comparison with other attempts to characterize the ionomer
filmthicknessin catalyst layers, we find results that are coherent with
Cetinbas and co-workers™ at this ionomer content, but values much
smaller thanreported previously from STEM tomography?and in situ
atomic force microscopy?”. These discrepancies with former studies
could arise due to the difference in sample preparation (see Supple-
mentary Note 4 onion-exchange for contrast enhancement), and due
to the hydrated state of the ionomer and a possibly higher ionomer
content. Our measurements nonetheless form a coherent picture
with themorphology of ionomer dispersions that are known to exhibit
primary rod-like aggregates with radii of 1.5t0 2.5 nm depending on the
equivalent weight and side-chain length****, and secondary ones up
to hundreds of nanometres depending mainly on the dispersion envi-
ronment***, This agreement suggests that, at this ionomer content,
the carbon and platinum surfaces would be most frequently covered
by asingle primary ionomer aggregate, and, therefore, that the state
of the ionomers in dispersion would be strongly linked with the final
morphology in catalyst layers.

Thereconstructed volume further allows study of the morphology
andinteractions of the platinum nanoparticles with the carbon support
andionomer network. Figure 3ashows athree-dimensional visualiza-
tionand aclose-up tile of asub-volume taken from the reconstruction
inFig.2. Asubstantial fraction (46%) of the nanoparticles are found to
resideinthe nanopores withinthe carbon primary particles, in agree-
ment with previous work on this type of high-surface-area carbons*’.
The distributions of interior and exterior platinum sizes are depicted
inFig. 3b. Both populations exhibit similar morphologies, withanaver-
age diameter of 2.7 and 3.0 nm for the interior and exterior particles,
respectively, and aslightly wider distribution for the exterior particles
(Ginterior = 0.7 NM, Gyeerior = 1.0 NmM), probably due to particle growth con-
strained by the inner porosity of the carbon support during synthesis.

Focusing ontheexterior platinum particles and their connectivity
to the ionomer network, we then compared surface areas that were
computed from the tomograms to bulk measurements. Figure 3c shows
that different quantities can be obtained from tomography. As depicted
by the magnified slices in Fig. 3¢, the connected surface is defined as
the platinum surface in direct contact with the ionomer, which
accounted for 15 + 8% of the total platinum surface in the reconstruc-
tion. By comparison, the surface of connected particlesis the measure
ofthetotal surface of all particlesin contact with theionomer, and was
52 +13% of the total platinum surface in the reconstruction. The dis-
crepancy between these quantities can be partly attributed to a ten-
dency in the segmentation results to embed platinum more deeply
thanwould berealistic, whichis captured by our error estimation from
mean absolute error calculations with the evaluation dataset (see
Methods for details). For comparison with electrochemical measure-
ments, we measured the electrochemical surface area (ECSA) by CO
stripping at varying relative humidity values—a method routinely used
to assess platinum utilization*®". As oxidation of CO requires water
and proton-conducting pathways, measurement of the ECSA at high
relative humidity providesinformation on all platinum surfaces within
thelayer due to condensation of water on the carbon surface and within
the carbon nanopores. Conversely, measurements at low relative
humidity would exclude surfaces that are not connected to theionomer
phase, which contains water and conducts protons even in dry
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Fig.3|Platinum-related morphology analysis in the microtomed 3M
ionomer-HSC-platinum catalyst layer. a, Sub-volume and magnified 2D maps
from the segmented reconstruction in Fig. 2 demonstrating the localization

of platinum nanoparticles interior (pink) or exterior (green) to the porous
carbon supports. Scale cube, 10° nm?; scale bar, 20 nm. b, Distribution of the
platinum diameters as a function of their location. The cutoffat 1.5 nm accounts
for the resolution limit. ¢, Comparison of platinum surface measurements

from tomography and electrochemistry. As illustrated in the magnified slices
(scalebar, 5nm), the measurements from the tomographic reconstruction

represent the fraction of the platinum surface in direct contact with theionomer
(connected surface), and the fraction of the platinum surface of all particles

in contact with theionomer (surface of connected particles). Electrochemical
measurements are the ECSA and platinum utilization from CO stripping surface
area measurements as a function of relative humidity in the membrane

electrode assembly (MEA), scanned from 0.1-1.0 Vat 10 mV s and 80 °C.

The grey dots represent the average of N = 2 measurements. Error bars represent
the measurements error due to segmentation for tomography (see Methods) and
the min-max values of N =2 measurements for electrochemical data.

conditions. The plot shown in Fig. 3c demonstrates the decrease in
platinum utilization (the ratio of ECSA at a given relative humidity to
the measurement at 95% relative humidity) as measurements are per-
formed atlower relative humidity. We note that the measurements do
notreach aplateau within the investigated range, an observation that
isfurther discussed in Supplementary Note 5. The ECSA at 95% relative
humidity averages 79.9 m? g;tl, which correlates well with the
76.2m? g;tl total surface area from tomography and indicates that all
platinumisaccessible for CO stripping at these high relative humidity
levels*, including platinum particles buried within the nanopores of
the primary carbon particles. At 10% relative humidity, CO stripping
measurements indicate a platinum utilization of 31%, which lies in
between the values of the connected surface and of the surface of the
connected particles computed from tomography. This suggests that
alarger area than the one in direct contact with the ionomer partici-
pates in the ECSA measurements even at low relative humidity.
As further discussed in Supplementary Note 5, this could indicate
remaining interfacialand bound water*®, or protonsurface diffusion*’
in CO stripping measurements at low relative humidity.

Discussion

In summary, we elaborated on an approach that provides access to
quantitative, three-dimensional data at nanometre resolution, allow-
ingadetailed observation of the proton-exchange membrane fuel cell
catalyst layer structure with all of its components. It was demonstrated
that—although not completely suppressing electron-beam-induced
damage to theionomer—performing cryogenic electrontomography
sufficiently mitigates these effects and allows for volumetric recon-
struction. Furthermore, advanced image processing methods enabled
quantitative measurements of all of the components, whereas sample

preparation with ultramicrotomy allowed observation of a highly
continuous network and study of its characteristics. We confirmed
that a wide range of ionomer thicknesses exist within the layer (up to
20-24 nm), with the majority of the platinum particles on the exterior
of the carbon supports being covered by single ionomer aggregates,
3-4 nm thick. Furthermore, the high coverage of the external carbon
surfaces results in the ionomer network connecting the majority
of exterior platinum nanoparticles on porous high-surface area
carbon supports.

More generally, routine investigations of catalyst layers with
cryo-ET requires further technique advancements. In this work we
relied extensively on human operations while leveraging machine
learning as an extension to manual segmentation. This is a laborious
process, which, in combination with the remaining reconstruction
artefacts and noise, can entail a degree of uncertainty. Nevertheless,
our results were systematically corroborated by bulk sample measure-
ments and properties, including the I/C ratio, ionomer average thick-
ness and platinum specificarea. Looking forward, to limit uncertainty
and streamline the image processing workflow, methods forimproving
the signal-to-noise ratio in the acquisitions are imperative. Envisioned
enhancements could leverage improvementsininstrumentation, such
asmore sensitive cameras and phase plates. Inaddition, strategies for
reducing manualinputin the segmentation procedure could build on
agenericmodel trained on syntheticimages that would be fine-tuned
to eachreconstruction requiring only afew annotations.

Our results therefore pave the way towards comparison of differ-
entcatalystlayer morphologies at the nanoscale. Furtherinvestigations
building onthis approach could offer valuable insights into the effects
of carbon-ionomer interface engineering, which have been recently
implemented to develop improved carbon coverage® %, and could help
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unravel the relationships between the state ofionomerin dispersions
and catalyst slurries, and their final film and network morphology in
catalyst layers.

Methods

Materials

Samples usedin this study were Pt/C catalyst layers prepared by Mayer
rod-coating catalyst slurries onto PTFE sheets. All characteristics of
the catalyst layers are summarized in Supplementary Table 1. Two
carbon black support types were used: a compact, low-surface-area
graphitized Vulcan-type carbon (LSC) and a high-surface-area, porous
Ketjenblack (HSC; both were supplied by Tanaka Kikinzoku Kogyo).
For the LSC carbon, platinum was deposited via a polyol reduction
method at a loading of 8.7 wt%, quantified by thermogravimetric
analysis. Three catalyst layers were prepared with those, using Nafion
D2021 and I/C ratios of 0.35, 0.7 and 1.2. For the HSC-based catalyst,
the as-received material contained 19.8 wt% platinum that had been
deposited by the manufacturer, and a catalyst layer was prepared using
a3M 800 EWionomer (where EW represents the equivalent weightin
units of gionomer mol'lso3H) atl/C0.7. The choice of using alower equiva-
lent weight ionomer was found to improve coating homogeneity, as
seen from abacklight observation of the layers.

Sample preparation for electron microscopy

Samples for TEM were prepared by dry-dispersion (samples LSC3,
LSC7 and LSC12) or ultramicrotomy (HSC7). For the dispersed sam-
ples, stripes of a catalyst layer were scraped with a scalpel blade and
the resulting powder was lightly crushed between two glass slides to
furtherbreak up thelarger clumps. TEM grids—typically lacey carbon,
200 mesh (Electron Microscopy Sciences)—were repeatedly placed
onto the powder until enough aggregates had been transferred, as
observed from optical microscopy. Microtomed cross-sections were
prepared with partial or fullembedding of small triangular stripes cut
fromthe catalystlayers, as described inrefs. 34,51. For partial embed-
ding, thefirstresinlayer was a pre-cured Gatan’s G2 and the Embed 812
epoxy (Electron Microscopy Sciences)—cured at 60 °C overnight—was
used to formthe blocks. Microtomy was performed at room tempera-
tureonaleicaEMUC?7,usingaDiatome cryo 35° diamond knife with a
boat; 100-150 nm thin sections were cut and floated on water before
transferring to TEM grids.

Radiation damage evaluation and tilt-series acquisition

Tilt- and dose-series were acquired on a ThermoFisher Scientific F20
equipped with a Falcon Ill direct electron camera (ThermoFisher Sci-
entific), and operated at 200 kV in bright-field mode and usinga40 pm
objective aperture. The sample holder was a Gatan 914. When working
in cryogenic conditions the holder was cooled in-column to -175 °C
(98 K) and contamination by ice growth was regularly controlled, with
anoperating window usually lasting 3-5 h for each grid, depending on
humidity conditions.

For radiation damage evaluation, dose-series of microtomed sam-
plesfromthe HSC7 sample were acquired atadose 0f1,300 e nm™per
image, with aninitial 120 e nm~required for positioning and focusing.
The thickness of the ionomer coverage was manually measured as a
function of the accumulated dose in 11 positions, with initial thick-
nesses ranging from3to 7.5 nm. The plots were linearly fitted, and the
dose corrected to ensure anintercept of zero.

For tomographic acquisition, tilt-series of 4,096 x 4,096 pixels
images were acquired at 50 kx magnification, resulting in a pixel size
of 0.2 nm. ThermoFisher Scientific’s TEM tomography software was
used to acquire images as sequences of 30 frames (each 50 ms) total-
ling 1.5 s of exposure time per angle. The electron dose rate was typi-
cally20-33 e nm?s™, thatis,30-50 e nm?perangle. Onaverage, an
initial irradiation with a dose of 100 e nm™ was required to position
theregion of interest, optimize the focus and obtain asnapshot of the

initial state before acquisition. Each tilt-series then consisted of 65-75
projections in 2° increments. The dose rates, total accumulated dose
and sampling range for each acquisition are detailed in Supplementary
Table2.

Tomography reconstruction and image processing

Before reconstruction, frames at each angle were aligned using the
MotionCor2 software®” and split in two interleaved even/odd stacks,
each containing half of the frames. Frames were summed to a single
image and 2 x 2binned; the procedure was repeated for all of the angles
before assembling in two tilt-series image stacks. We found that the
combination of low signal-to-noise ratio, bright-field mode, lacey
carbon grids and microtomed cross-sections resulted in automated
alignment methods such as centre-of-mass, cross-correlation or even
IMOD’s marker tracking performing poorly. Consequently, alignments
were performed semi-manually using a platinum nanoparticle visible
at as many angles as possible, and a tool for the FIJI software written
in-houseinImage] macro language®***. Briefly, the macro allows users
toplace markerstracking afeature ofinterest throughout the tilt-series,
and subsequently translates the images to align these markers. Shifts
can be recorded and applied to other stacks, so that the exact same
alignments were doneto the evenand odd acquisition series. Tilt-series
alignments were further refined manually down to pixel accuracy
using the Tomviz software®. Finally, the rotation axis was identified
by tracking the trajectories of nanoparticles throughout the tilt-series
and corrected for centre and orthogonality.

Tomographic reconstruction was performed using the Astra
toolbox***” with code implemented in Python. The cuda version of
the simultaneous iterative reconstruction technique with 20 to 30
iterations was used to reconstruct two volumes from the even and odd
tilt-series. Volumes were then used to train a deep learning model for
denoising in a Noise2Noise regime®®, Our code made heavy use of the
open-source notebooks created by Bucholtz et al. for the cryo-CARE
workflow and we therefore refer the reader to the relevant publica-
tions®***? and GitHub repository®®. Asummary of the workflow is shown
inSupplementary Fig. 3. Parameters were identical to those used by the
authors and training was run typically for 150-200 epochs. The model
was then applied to both even and odd volumes, before summing the
output predictions into the final reconstruction.

Segmentation was performed using the YaPiC Python toolbox®".
The platform performs as a pixel classifier, allowing to train deep
learning models from sparse annotations. For each reconstruction,
a training dataset was generated by sampling one in ten z-sections
throughout the volumes. Each section was annotated manually using
the QuPath software®” to obtain ground truth data. An example is
shown in Extended Data Fig. 2, along with a schematic depiction of
the method. For the annotation procedure, all components could
be visually identified, following features described herein. However,
reconstruction artefacts, the missing wedge elongation and remaining
noise occasionally challenged this task. In such cases, close inspection
of the surrounding volume allowed to make an informed decision.

The neural network used for segmentation had the classic U-Net
(2D) architecture®, and minibatch-wise normalization, data augmenta-
tion by flipping, 20% validation and 50 training steps per epochs were
used. Training was typically run for 500 epochs. We chose to work with
segmentation in 2D rather than 3D for ease of annotation and speed
of training, as 3D models have considerably more parameters to be
optimized, which increases the risk of overfitting in our data-scarce
regime. After training, the performance was evaluated on the train-
ing dataset and the annotations were completed as necessary to fine
tune the models, before applying them to the entire reconstructed
volumes. The models have a soft-max activation as the final layer, so
that each pixel is returned as a vector whose elements are the scores
associated witheach class and have been normalized between O and1,
resulting in a probability-like map per class. Consequently, each map
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was binarized using Otsu’s method® and the resulting volumes were
reduced to a single stack with a singular grey level per class. Finally, a
median filter with akernel size 1 x 1 x 4 voxels was applied to account
for the anisotropy of the 2D segmentation.

Resolution estimation

Resolution of the reconstruction before and after denoising was esti-
mated using FSCs between the volumes reconstructed from the even
and odd stacks. Computation was performed using the FSC program
from Image Science®. The resolution was estimated at the half-bit
criterion.

Data analysis

From the segmented volumes, a range of metrics was computed,
including volume fractions, carbon surface area and coverage by
ionomer, connected components, ionomer network thickness, size
distribution of the platinum nanoparticles and their accessibility and
surface area. All operations and measurements were performed with
FlJl and the MorpholibJ® and BoneJ2°**” plugins or in Python using
mainly the scikit-image, SciPy and PoreSpy®® libraries. Volumes and
multi-orthoslice views were rendered with Tomviz*. Details on the
methodology and software used for each metric are given in Supple-
mentary Note 2.

Where applicable, an error measurement was estimated by cal-
culating the mean absolute error between measurements from the
processed volume and from an evaluation dataset, which was a set of
densely and manually annotated tiles that were not used for training.

EDS analysis

Energy dispersive spectroscopy hypermaps were acquired on a Ther-
moFisher Scientific Osiris TEM operated at 200 kV at room temper-
ature, with samples prepared by ultramicrotomy. For the fluorine
distribution at the catalyst layer level, the F Ko and Pt La and 3 lines
were fit to obtain net counts maps with a 50? nm? pixel size. The fluo-
rine to platinum weight fraction was calculated from k-factor quan-
tification performed in Velox (ThermoFisher Scientific). Under the
assumptionthat platinumdistributionis homogeneous throughout the
electrode, the resulting map is representative of theionomer distribu-
tion. For statistics, the mean fluorine weight fraction was measuredin
sub-areas of 500> nm?tiled over the entire acquisition. For the analysis
ofthe HSC7 tilt-series acquisition site, amap with 0.622 nm? pixels was
acquired with a 0.6 nA probe and a resulting total accumulated dose
0f 4.9 x10” e nm™. For net counts, the maps were processed with the
Velox software again, with the F Ka, C Ko and Pt La and  lines fitted
after a 3o gaussian pre-filter. Decomposition was performed with the
Hyperspy Python toolbox, after a 4x spatial binning preprocessing
step and using the non-negative matrix factorization algorithm. To
prevent interference from silicon contamination (see discussion in
Supplementary Note 3), the Si Ko was masked before the operation.

Electrochemical measurements

Membrane electrode assemblies with an active area of 5 cm” were
prepared using the HSC7 catalyst layers as cathodes, whereas anodes
were fabricated based on a commercial 20 wt% Pt/Vulcan catalyst
(TECI0V20E, Tanaka Kikinzoku Kogyo). The MEAs were prepared by
hot-pressing anode/cathode decals at 155 °C for 3 min onto a15 um
reinforced membrane. Platinum loadings were determined by weigh-
ing decals before and after hot-pressing.

Fuel cell measurements were performed in a stainless-steel
single-cell hardware (Fuel Cell Technologies) fitted with 5 cm? active
areagraphite flow fields (0.5 mm wide channels and lands, Poco Graph-
ite). For the anode and cathode, Freudenberg H14C10 was used as a
diffusionmediumwith acompression of 14%. Testing was performed on
anautomated Greenlight G60 test station. AllMEAs were conditioned
before electrochemical characterization using a voltage-controlled

break-in procedure (H,/air at1,390/3,320 nccm, 80 °C, 100% relative
humidity, and 150 kPa, ....), following a sequence of 0.6 V (45 min),
open circuit voltage (5 min) and 0.85V (10 min) for ten cycles.

The platinum utilization was then determined by CO stripping
voltammetry at 80 °C and relative humidity of 10%,20%, 30%, 50%, 70%
and 95%. Briefly, the cathode compartment, equilibrated to a set
temperature and relative humidity, was flushed with CO (10 vol%,
balance N,) for 10 min, followed by an N, purge of the entire test station
and its gas supply. Three consecutive cyclic voltammograms were
recorded by scanning the electrode potential between 0.1-1.0 Vi, at
10 mV s, The charge corresponding to CO electro oxidation—apparent
in the first anodic scan at potentials above 0.6 Vy,.—was obtained by
integrating the current using the second anodic scan as a baseline,
where no further CO oxidation occurred. The integrated charge can
be converted into an electrochemically active platinum surface area
usinga charge density of 420 uC cm;2for linearly bound CO. Finally, the
relative humidity-dependent platinum utilization is calculated by
dividing the electrochemically active platinum surface at agivenrela-
tive humidity by its pendant at full humidification, thatis, the electro-
chemically accessible platinum surface area at 95% relative humidity.

Data availability

The data and analyses for the figures in the main text are available at
https://doi.org/10.5281/zenodo.7730078. All of the data in the study
are available from the corresponding authors on reasonable request.

Code availability
The code and scripts developed and used for this study are available
at https://doi.org/10.5281/zenodo.7730078.

References

1. Debe, M. K. Electrocatalyst approaches and challenges for
automotive fuel cells. Nature 486, 43-51(2012).

2. Fan, J. etal. Bridging the gap between highly active oxygen
reduction reaction catalysts and effective catalyst layers for
proton exchange membrane fuel cells. Nat. Energy 6,

475-486 (2021).

3. lJiao, K. et al. Designing the next generation of proton-exchange
membrane fuel cells. Nature 595, 361-369 (2021).

4. Padgett, E. et al. Connecting fuel cell catalyst nanostructure
and accessibility using quantitative cryo-STEM tomography.

J. Electrochem. Soc. 165, F173-F180 (2018).

5. Ko, M., Padgett, E., Yarlagadda, V., Kongkanand, A. & Muller, D. A.
Revealing the nanostructure of mesoporous fuel cell catalyst
supports for durable, high-power performance. J. Electrochem.
Soc. 168, 024512 (2021).

6. Sneed, B.T.etal. 3D Analysis of fuel cell electrocatalyst
degradation on alternate carbon supports. ACS Appl. Mater.
Interfaces 9, 29839-29848 (2017).

7. Yu,Y.etal. Three-dimensional tracking and visualization of
hundreds of Pt-Co fuel cell nanocatalysts during electrochemical
aging. Nano Lett. 12, 4417-4423 (2012).

8. Melo, L. G. A. & Hitchcock, A. P. Electron beam damage of
perfluorosulfonic acid studied by soft X-ray spectromicroscopy.
Micron 121, 8-20 (2019).

9. Yakovlev, S., Balsara, N. P. & Downing, K. H. Insights on the study
of nafion nanoscale morphology by transmission electron
microscopy. Membranes 3, 424-439 (2013).

10. Cullen, D. A., Sneed, B. T. & More, K. L. Overcoming the
challenges of beam-sensitivity in fuel cell electrodes. Microsc.
Microanal. 23, 2222-2223 (2017).

1. Guetaz, L. et al. Catalyst-layer ionomer imaging of fuel cells.
ECS Trans. 69, 455-464 (2015).

12. Lopez-Haro, M. et al. Three-dimensional analysis of Nafion layers
in fuel cell electrodes. Nat. Commun. 5, 5229 (2014).

Nature Catalysis | Volume 6 | May 2023 | 383-391

389


http://www.nature.com/natcatal
https://doi.org/10.5281/zenodo.7730078
https://doi.org/10.5281/zenodo.7730078

Article

https://doi.org/10.1038/s41929-023-00947-y

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

20.

30.

Uchida, H. et al. Electron tomography of Nafion ionomer coated
on Pt/carbon black in high utilization electrode for PEFCs. J. Phys.
Chem. B10, 13319-13321(2006).

Cetinbas, F. C., Ahluwalia, R. K., Kariuki, N. N. & Myers, D. J.
Agglomerates in polymer electrolyte fuel cell electrodes: part I.
Structural characterization. J. Electrochem. Soc. 165, F1051-F1058
(2018).

Komini Babu, S., Chung, H. T., Zelenay, P. & Litster, S. Resolving
electrode morphology’s impact on platinum group metal-free
cathode performance using nano-CT of 3D hierarchical pore and
ionomer distribution. ACS Appl. Mater. Interfaces 8, 32764-32777
(2016).

Van Cleve, T. et al. Tailoring electrode microstructure via ink
content to enable improved rated power performance for
platinum cobalt/high surface area carbon based polymer
electrolyte fuel cells. J. Power Sources 482, 228889 (2021).
Normile, S. J. & Zenyuk, I. V. Imaging ionomer in fuel cell catalyst
layers with synchrotron nano transmission X-ray microscopy.
Solid State lon. 335, 38-46 (2019).

Yakovlev, S. & Downing, K. H. Visualization of clusters in polymer
electrolyte membranes by electron microscopy. Phys. Chem.
Chem. Phys. 15, 1052-1064 (2013).

Cullen, D. A. et al. Imaging and microanalysis of thin ionomer
layers by scanning transmission electron microscopy.

J. Electrochem. Soc. 161, F1111-F1117 (2014).

Scheiba, F., Benker, N., Kunz, U., Roth, C. & Fuess, H. Electron
microscopy techniques for the analysis of the polymer electrolyte
distribution in proton exchange membrane fuel cells. J. Power
Sources 177, 273-280 (2008).

Fang, Z., Lee, M. S., Kim, J. Y., Kim, J. H. & Fuller, T. F. The effect

of carbon support surface functionalization on PEM fuel cell
performance, durability, and ionomer coverage in the catalyst
layer. J. Electrochem. Soc. 167, 064506 (2020).

Melo, L. G. A. et al. Quantitative mapping of ionomer in catalyst
layers by electron and X-ray spectromicroscopy. ECS Trans. 80,
275-282 (2017).

Takao, S. et al. Observation of degradation of Pt and carbon
support in polymer electrolyte fuel cell using combined
nano-X-ray absorption fine structure and transmission electron
microscopy techniques. ACS Appl. Mater. Interfaces 11,
27734-27744 (2018).

Wu, J. et al. High-resolution imaging of polymer electrolyte
membrane fuel cell cathode layers by soft X-ray
spectro-ptychography. J. Phys. Chem. C. 122, 11709-11719
(2018).

Wu, J. et al. 4D imaging of polymer electrolyte membrane fuel
cell catalyst layers by soft X-ray spectro-tomography. J. Power
Sources 381, 72-83 (2018).

Hiesgen, R., Morawietz, T., Handl, M., Corasaniti, M. & Friedrich,
K. A. Atomic force microscopy on cross sections of fuel cell
membranes, electrodes, and membrane electrode assemblies.
Electrochim. Acta 162, 86-99 (2015).

Morawietz, T., Handl, M., Oldani, C., Friedrich, K. A. & Hiesgen,

R. Quantitative in situ analysis of ionomer structure in fuel cell
catalytic layers. ACS Appl. Mater. Interfaces 8, 27044-27054
(2016).

Sawyer, L., Grubb, D. T. & Meyers, G. F. Polymer Microscopy
(Springer, 2008).

Egerton, R. F. Radiation damage to organic and inorganic
specimens in the TEM. Micron 119, 72-87 (2019).

Buchholz, T.-O., Jordan, M., Pigino, G. & Jug, F. Cryo-CARE:
content-aware image restoration for cryo-transmission

electron microscopy data. In 2019 IEEE 16th International
Symposium on Biomedical Imaging (ISBI 2019) 502-506

(IEEE, 2019).

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

a1.

42.

43.

44,

45,

46.

47.

48.

49.

Weigert, M. et al. Content-aware image restoration: pushing the
limits of fluorescence microscopy. Nat. Methods 15, 1090-1097
(2018).

Frank, J. (ed.) Electron Tomography: Methods for Three-Dimensional
Visualization of Structures in the Cell (Springer, 2006).
Ronneberger, O., Fischer, P. & Brox, T. U-Net: Convolutional
Networks for Biomedical Image Segmentation. In Medical Image
Computing and Computer-Assisted Intervention - MICCAI 2015
Vol. 9351(eds Navab, N. et al.) 234-241 (Springer International
Publishing, 2015).

More, K. & Reeves, S. TEM specimen preparation of
partially-embedded electrodes from proton exchange membrane
fuel cell membrane electrode assemblies. Microsc. Microanal. 11,
2104-2105 (2005).

Khodabakhshi, S., Fulvio, P. F. & Andreoli, E. Carbon black reborn:
structure and chemistry for renewable energy harnessing. Carbon
162, 604-649 (2020).

Lazaridis, T. & Gasteiger, H. A. Pt-catalyzed oxidation of

PEMFC carbon supports: a path to highly accessible carbon
morphologies and implications for start-up/shut-down
degradation. J. Electrochem. Soc. 168, 114517 (2021).

Ott, S. et al. lonomer distribution control in porous
carbon-supported catalyst layers for high-power and low
Pt-loaded proton exchange membrane fuel cells. Nat. Mater. 19,
77-85 (2019).

Orfanidi, A. et al. The key to high performance low Pt loaded
electrodes. J. Electrochem. Soc. 164, FA418-F426 (2017).
Holdcroft, S. Fuel cell catalyst layers: a polymer science
perspective. Chem. Mater. 26, 381-393 (2014).

Hildebrand, T. & Rliegsegger, P. A new method for

the model-independent assessment of thickness in
three-dimensional images. J. Microsc. 185, 67-75 (1997).

More, K., Borup, R. & Reeves, K. Identifying contributing
degradation phenomena in PEM fuel cell membrane

electride assemblies via electron microscopy. ECS Trans. 3,
717-733 (2006).

Loppinet, B. & Gebel, G. Rodlike colloidal structure of short
pendant chain perfluorinated ionomer solutions. Langmuir 14,
1977-1983 (1998).

Loppinet, B., Gebel, G. & Williams, C. E. Small-angle scattering
study of perfluorosulfonated ionomer solutions. J. Phys. Chem. B
101, 1884-1892 (1997).

Berlinger, S. A. et al. Impact of dispersion solvent on ionomer
thin films and membranes. ACS Appl. Polym. Mater. 2, 5824-5834
(2020).

Welch, C. et al. Nafion in dilute solvent systems: dispersion or
solution? ACS Macro Lett. 1, 1403-1407 (2012).

Shinozaki, K., Yamada, H. & Morimoto, Y. Relative humidity
dependence of Pt utilization in polymer electrolyte fuel cell
electrodes: effects of electrode thickness, ionomer-to-carbon
ratio, ionomer equivalent weight, and carbon support.

J. Electrochem. Soc. 158, B467 (2011).

Ramaswamy, N., Gu, W., Ziegelbauer, J. M. & Kumaraguru, S.
Carbon support microstructure impact on high current density
transport resistances in PEMFC cathode. J. Electrochem. Soc. 167,
064515 (2020).

Poojary, S., Islam, M. N., Shrivastava, U. N., Roberts, E. P. L. &
Karan, K. Transport and electrochemical interface properties

of ionomers in low-Pt loading catalyst layers: effect of ionomer
equivalent weight and relative humidity. Molecules 25, 3387
(2020).

Sinha, P. K., Gu, W., Kongkanand, A. & Thompson, E. Performance
of nano structured thin film (NSTF) electrodes under
partially-humidified conditions. J. Electrochem. Soc. 158,
B831(2011).

Nature Catalysis | Volume 6 | May 2023 | 383-391

390


http://www.nature.com/natcatal

Article

https://doi.org/10.1038/s41929-023-00947-y

50. Harzer, G.S., Orfanidi, A., El-Sayed, H., Madkikar, P. & Gasteiger, H. A.

Tailoring catalyst morphology towards high performance for low
Pt loaded PEMFC cathodes. J. Electrochem. Soc. 165,
F770-F779 (2018).

51. Blom, D. A., Dunlap, J. R., Nolan, T. A. & Allard, L. F. Preparation of
cross-sectional samples of proton exchange membrane fuel cells
by ultramicrotomy for TEM. J. Electrochem. Soc. 150, A414-A418
(2003).

52. Zheng, S. Q. et al. MotionCor2: anisotropic correction of
beam-induced motion for improved cryo-electron microscopy.
Nat. Methods 14, 331-332 (2017).

53. Schindelin, J. et al. Fiji: an open-source platform for
biological-image analysis. Nat. Methods 9, 676-682 (2012).

54. Schneider, C. A., Rasband, W. S. & Eliceiri, K. W. NIH image to
Imagel: 25 years of image analysis. Nat. Methods 9,

671-675 (2012).

55. Levin, B.D. A. et al. Tutorial on the visualization of volumetric data
using tomviz. Microsc. Today 26, 12-17 (2018).

56. van Aarle, W. et al. The ASTRA Toolbox: A platform for advanced
algorithm development in electron tomography. Ultramicroscopy
157, 35-47 (2015).

57. Palenstijn, W. J., Batenburg, K. J. & Sijbers, J. Performance
improvements for iterative electron tomography reconstruction
using graphics processing units (GPUs). J. Struct. Biol. 176,
250-253 (2011).

58. Lehtinen, J. et al. Noise2Noise: Learning Image Restoration
without Clean Data. In Proceedings of the 35th International
Conference on Machine Learning vol. 80 (eds Dy, J. & Krause, A.)
2965-2974 (PMLR, 2018).

59. Buchholz, T.-O. et al. in Methods in Cell Biology (eds.
Miller-Reichert, T. & Pigino, G.) Vol. 152, 277-289 (Academic,
2019).

60. Cryo-CARE: Content-Aware Image Restoration for
Cryo-Transmission Electron Microscopy Data (GitHub, accessed 9
January 2021); https://github.com/juglab/cryoCARE_T2T

61. YAPIC—Yet Another Pixel Classifier (Based on Deep Learning)
(GitHub, accessed 9 March 2021); https://yapic.github.io/yapic/

62. Bankhead, P. et al. QuPath: Open source software for digital
pathology image analysis. Sci. Rep. 7, 16878 (2017).

63. Otsu, N. A threshold selection method from gray-level
histograms. IEEE Trans. Syst. Man Cybern. 9, 62-66
(1979).

64. Image Science—FSC Program (Image Science, accessed 16
September 2021); https://imagescience.de/fsc.html

65. Legland, D., Arganda-Carreras, |. & Andrey, P. MorphoLibJ:
integrated library and plugins for mathematical morphology with
Imagel. Bioinformatics 32, 3532-3534 (2016).

66. Domander, R., Felder, A. A. & Doube, M. BoneJ2—refactoring
established research software. Wellcome Open Res. 6, 37
(2021).

67. Doube, M. Multithreaded two-pass connected components
labelling and particle analysis in ImageJ. R. Soc. Open Sci. 8,
201784 (2021).

68. Gostick, J. T. et al. PoreSpy: a Python toolkit for quantitative
analysis of porous media images. J. Open Source Softw. 4,

1296 (2019).

69. Maékinen, Y., Azzari, L. & Foi, A. Collaborative filtering of correlated
noise: exact transform-domain variance for improved shrinkage
and patch matching. IEEE Trans. Image Process. 29, 8339-8354
(2020).

70. Dabov, K., Foi, A., Katkovnik, V. & Egiazarian, K. Image denoising
by sparse 3D transform-domain collaborative filtering. IEEE Trans.
Image Process. 16, 2080-2095 (2007).

71.  Zhu, X. & Milanfar, P. Automatic paarameter selection for
denoising algorithms using a no-reference measure of image
content. IEEE Trans. Image Process. 19, 3116-3132 (2010).

Acknowledgements

The work was supported by the Swiss National Research Foundation
(SNF) under award no. CRSII5_180335. We thank D. Demurtas and

D. Sage for assistance and discussions.

Author contributions

R.G. and VT. conceived the research with the valuable

contribution of H.A.G. T.L prepared the catalyst layers, performed
the electrochemical experiments and related analyses. R.G.
performed all of the microscopy experiments, the data processing
methodologies, and the implementation of deep learning methods
for image restoration and related analyses. V.T. supervised the
research. R.G. and VT. wrote the manuscript, and T.L. wrote the
materials and electrochemical measurement information. All authors
contributed intellectually to the interpretation of the data and to the
discussions and revisions of the manuscript.

Funding

Open access funding provided by EPFL Lausanne

Competinginterests
The authors declare no competing interests.

Additional information
Extended data is available for this paper at
https://doi.org/10.1038/s41929-023-00947-y.

Supplementary information The online version
contains supplementary material available at
https://doi.org/10.1038/s41929-023-00947-y.

Correspondence and requests for materials should be addressed to
Vasiliki Tileli.

Peer review information Nature Catalysis thanks Jasna Jankovic and
the other, anonymous, reviewer for their contribution to the peer
review of this work.

Reprints and permissions information is available at
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons license and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2023

Nature Catalysis | Volume 6 | May 2023 | 383-391

391


http://www.nature.com/natcatal
https://github.com/juglab/cryoCARE_T2T
https://yapic.github.io/yapic/
https://imagescience.de/fsc.html
https://doi.org/10.1038/s41929-023-00947-y
https://doi.org/10.1038/s41929-023-00947-y
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

https://doi.org/10.1038/s41929-023-00947-y

Intensity (a.u.)

Median filter BM3D cryo-CARE

)

I e S

1
1
-

Distance (px)

[$,] (2}
1 1

IN
1

N
1

metric Q (higher is better)
w
1

-
1

o
1

Extended Data Fig.1| Comparison of denoising methods for tomographic
reconstruction and resolution estimation. a, Multi-orthoslice overview of a
raw reconstruction of an aggregate from the LSC7 sample and comparison with
the same volume denoised with the cryo-CARE method. Scale cube is 20° nm?.

b, Representative areas from the reconstruction and denoising results following
amedian filter with a 2x2 pixels kernel, the BM3D algorithm®’°, and the cryo-
CARE method. Median and BM3D were applied plane-by-plane while cryo-CARE

0 50 100 150 200 250

0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250

e -
1.04 :
5 ] : —— FSC Raw
E 084 —— FSC cryo-CARE
o ] P e Half-bit
S 06 E
© 1 i
< '
% 0.4- :
g ] :
B 0.2 M LTS T ——
1 2373 A :
0.0 ;
000 002 004 006 008 010 012

1/ Resolution (1/A)

isavolumetric method. Scale baris 20 nm. ¢, Line profiles plotted from the area
2 as shown by the corresponding arrowsin (b). d, Metric Q comparison’'. Higher
values indicate lower levels of noise and blur in 252 px?anisotropic patches of
animage. e, Fourier shell correlation plots computed from the even and odd
volumes before (raw) and after denoising with cryo-CARE. The resolution was
estimated at the half-bit criterion.
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Extended Data Fig. 2| Methodology and performance of the segmentation
process. a, Schematic depiction of the training strategy as described in Methods
onthe LSC7 sample. For each denoised reconstruction, 1/10 z-sections are
extracted and sparsely annotated by hand in 2D. This dataset is used for training
aU-Net model whichis then applied to predict the segmentation maps of every
z-sections, thatis, plane-by-plane, in the denoised volume, before reassembling
in3D. Scale cube is 20° nm® and scale bars are 50 nm. b, €, Example tomograms
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and close-ups taken from the reconstructions and ¢, f, corresponding
segmentation output for the LSC7 (b,c) and HSC7 (e,f) samples. Scale bars are

50 nm, 20 nmin the close-ups. d, g, Comparison of segmentation metric scores
computed from a validation dataset held-out from training. For each class, recall
is defined as the fraction of ground truth pixels of this class correctly labelled as
suchinthe output, precision as the fraction of output pixels of this class correctly
labelled. The F1score incorporates both metricsin one.
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Extended Data Fig. 3| Cryo-ET reconstructions of Nafion-LSC-Pt aggregates with increasing I/C ratio. a-c, Segmented volumes of aggregates from the LSC3, 7 and
12 samples, respectively. All volumes are shown at the same scale, the scale cube is 20° nm®.
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