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Exploring the potential of image feature extraction
for catalyst layer characterization

Nikolai Utsch, *a Dieter Froning, a Fabian Scheepers, a Mohit Jain, a

Meital Shviro, a,b Werner Lehnert a,c and Anna K. Mechler d,e

The progress of energy conversion devices such as fuel cells or electrolyzers is critical for integration of

green hydrogen into the energy system. However, the catalyst layer (CL) poses a significant challenge to

both technologies as their performance and durability depend on the nature of the CL produced. In most

studies, the CL structure remains unknown or is presented superficially. Methods to access and quantify

the CL structure are limited but necessary to enable advanced CL architectures, such as low iridium load-

ings in polymer electrolyte membrane water electrolysis (PEMWE). The path to progress involves advan-

cing our understanding of the production–structure–property triangle (PSPT) for the CL. Proper

implementation of quality control measures can lead to reduced production costs and increased longevity

of the technologies. The objective of this study is to investigate the production–structure relationship by

analyzing the impact of different production variables on the formed structure and quantifying the physi-

cal characteristics of CLs. The fabrication of CLs involved the use of an ultrasonic spray coater, with an in-

depth exploration of different machine parameters. A confocal laser scanning microscope is used to

analyze the produced CLs to obtain surface texture parameters (STPs) corresponding to a microscopy

image. Additionally, image features (IFs) were extracted from the obtained images by using the

PyRadiomics library. Correlation between the STPs and IFs is evaluated with Pearson correlation. Analysis

of 89 CLs and 443 microscopy images showed that the 19 standardized STPs reduce to three non-redun-

dant descriptors, each of which is reproduced by a specific image feature, yielding a compact and instru-

ment-independent parameter set for CL quality control.

Introduction

The large scale deployment of proton exchange membrane
water electrolyzers (PEMWE) and fuel cells requires reliable,
industrially scalable fabrication of catalyst layers (CLs).1–3 The
structure of the CL critically determines performance, dura-
bility, and material utilization, particularly under the con-
straint of reduced iridium loadings.4–11 As catalyst loadings
decrease, the sensitivity of device performance to structural
inhomogeneities increases, making precise control and moni-
toring of CL morphology essential for manufacturing at
scale.12–15 Several studies emphasized the importance of

understanding how electrolyzer durability relates to catalyst
integration, CL formation, and operational behavior.
Consequently, manufacturing technologies such as laboratory-
scale ultrasonic spray coating,16–18 must be evaluated along-
side approaches more relevant for industrial production,
including slot-die coating19–21 or inkjet printing.22,23

The CL structure forms during deposition and drying, and
the resulting architecture spans multiple length scales, from
macroscopic features such as porosity and ionomer distri-
bution to microscopic characteristics including catalyst–
ionomer interactions and surface functionalities.7,24,25

Microscopy techniques, such as scanning electron microscopy
(SEM) or transmission electron microscopy (TEM) provide
valuable insight into particle morphology26–28 and agglomera-
tion but rarely yield standardized, quantitative descriptors of
the overall layer architecture.

Advanced image analysis approaches attempt to extract
structural information automatically using segmentation
algorithms and pattern recognition techniques.6,29–31 These
methods, however, require sufficient contrast between the
different components of the image. Image processing tech-
niques such as thresholding, edge detection, and segmenta-
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tion strongly depend on contrast to distinguishing features of
interest from the background. Artificial contrast enhancement
can introduce additional uncertainties, particularly for fine
textures where image manipulation may lead to information
loss.6,32

Another challenge arises from the inherent structural com-
plexity of CLs. They typically consist of densely packed par-
ticles with broad size distributions, irregular agglomerates,
overlapping domains, pores, and multi-component regions
composed of catalyst particles, supports, and ionomer. This
structural density complicates the identification of meaningful
geometric descriptors using conventional microscopy analysis.
As a result, many studies focus on isolated particles or agglom-
erates rather than capturing the architecture of the entire CL.
Consequently, alternative approaches for describing the
appearance or texture of the CL are required.

Texture represents a fundamental characteristic of surface
appearance and is closely linked to functional properties such
as contact behavior, friction, and adhesion.32–35 In general,
surface texture describes the periodic or non-periodic variation
of patterns around a reference surface. Various techniques exist
for assessing surface texture, including atomic force microscopy,
confocal laser scanning microscopy (CLSM), SEM, and charge-
coupled device imaging systems.36,37 While profile-based
surface texture parameters (2D) have been widely used, increas-
ing attention has been directed towards areal surface texture
parameters (3D) for investigating functional relationships.38,39

These parameters are standardized in ISO 25178. However,
selecting the most relevant descriptors remains challenging
because the significance of individual parameters depends
strongly on the investigated system and application.

An alternative perspective originates from computational
image processing, where textures are classified into first-order
and higher-order statistical features. First-order (FO) texture
describes the distribution of grey-level intensities and is typi-
cally characterized by statistical measures such as variance,
skewness, or kurtosis.40 These image features provide infor-
mation about intensity distributions but do not capture spatial
relationships within the image.32,40,41 Higher-order texture
descriptors quantify spatial relationships between pixels and
are commonly derived from statistical matrices representing
pixel intensity combinations.

One of the most influential approaches in this field is the
gray-level co-occurrence matrix (GLCM), introduced by
Haralick et al.42 This method enables the extraction of statisti-
cal descriptors that characterize spatial intensity relationships
within images and has had a profound impact on quantitative
texture analysis, accumulating more than 30 000 citations by
2025.42,43 Beyond GLCM, several additional methods have
been developed, including the gray-level run length matrix
(GLRLM),44 gray-level size zone matrix (GLSZM),45 neighboring
gray tone difference matrix (NGTDM),46 and gray-level depen-
dency matrix (GLDM).47 These techniques have been applied
across diverse research areas, including terrain48–50 or cell
classification,45,51,52 visual perception studies,53–56

paleography,57,58 and tool condition monitoring.59–61 In recent

years, the medical field has particularly advanced these
methods within radiomics, where high-throughput imaging
features are used for cancer detection.32,62–67

An early application of statistical image analysis in electro-
chemistry was reported by Artyushkova et al. in 2012, who
investigated the structure–property relationships of electrocata-
lysts using microscopy images.68 In this work, SEM images
were analyzed by calculating roughness, skewness, and four
GLCM features (homogeneity, contrast, correlation, and
angular second moment) to characterize catalyst morphology.
These four features are among those originally proposed by
Haralick et al.42 and were commonly used before a broader
range of texture features became accessible and their defi-
nitions were standardized. Subsequent studies applied similar
approaches to investigate carbon corrosion behavior and cata-
lyst layer structures in PEM fuel cells.69,70 Advances in compu-
tational power and the growing availability of open-source ana-
lysis tools have significantly expanded the possibilities for
extracting structural descriptors from microscopy images.
Such descriptors enable access to the production–structure–
property triangle (PSPT), where production parameters, struc-
tural characteristics, and functional properties are intercon-
nected. In this framework, each corner represents one domain,
while the edges describe the relationships between them. The
present work focuses on the production–structure relationship.
Establishing which structural descriptors are non-redundant
and how they respond to fabrication variables is a prerequisite
for relating structure to device behavior, since a descriptor set
that is redundant or unreproducible cannot support a mean-
ingful structure–property analysis.

Concerns within the radiomics community about the repro-
ducibility of image features led to the creation of the Image
Biomarker Standardization Initiative, which brought together
25 research teams to standardize and validate 169 radiomics
features.71 One of the participants was the group around van
Griethuysen et al. who developed the open-source platform
PyRadiomics, which was utilized in this work.72

Using established and validated software frameworks, such
as PyRadiomics,72 is advantageous because they provide stan-
dardized implementations of texture features and reduce the
risk of unintended data manipulation. IFs quantify the distri-
bution of gray levels and the spatial relationships between
pixels within an image. They therefore describe image texture,
which is not the same as the surface texture of the object
imaged, and they carry no inherent physical meaning.
Therefore, correlation analyses are required to establish poten-
tial relationships between IFs and measurable structural
characteristics.

Pearson correlation analysis provides a straightforward
approach for quantifying the strength and direction of linear
relationships between variables. While the interpretation of
correlation strength depends on the specific dataset and obser-
vation range, such analyses allow the identification of poten-
tially relevant descriptors within large feature sets.73–77 In
complex datasets, initial strategies such as feature prioritiza-
tion, redundancy reduction, and trend analysis provide an
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effective starting point for identifying meaningful relation-
ships. Establishing causal relationships between IFs and physi-
cal properties remains significantly more challenging and is
beyond the scope of the present study.

This work addresses the production–structure edge of the
PSPT for spray-coated CLs and makes three contributions.
First, it establishes which of the standardized areal STPs are
independent for this material class. Across 89 CLs and 443
CLSM measurements, the 19 parameters of ISO 25178 reduce
to four correlation groups, from which three non-redundant
descriptors are sufficient to describe the layer texture: the
arithmetical mean height (Sa), the autocorrelation length (Sal),
and the skewness (Ssk). Sa alone represents almost half of the
parameter set and can therefore serve as a primary quality
indicator. Second, it links these height-based descriptors to
intensity-based IFs extracted with PyRadiomics.72 Because the
IFs correlate with the STPs across all six production datasets,
topographic information becomes accessible from any image,
irrespective of the capturing device. The correlations do not
provide absolute height values, as the scaling between an IF
and its associated STP depends on the dataset, but they allow
CLs to be compared and ranked relative to each other. Texture

quantification is therefore no longer restricted to instruments
that deliver calibrated height data. Third, it reports a pro-
duction-variable map for ultrasonic spray coating, relating four
machine parameters and two composition variables to quanti-
fied texture changes with confidence intervals. CL structure is
commonly reported qualitatively or through representative
micrographs. Here the structural response to each production
variable is given as a measured quantity. The structure–prop-
erty edge is not addressed: establishing a non-redundant and
reproducible descriptor set is a prerequisite for relating struc-
ture to device behavior, and is treated here as a separate step.

Materials and methods

This work covers the production of CLs, their structural charac-
terization, and the correlation between the surface texture
parameters measured from the height data and the image fea-
tures computed from the intensity image. The methodical
workflow, visualized in Fig. 1, encompassed three main stages.

The first stage, Data acquisition, involves using an ultra-
sonic spray-coater and a confocal laser scanning microscope

Fig. 1 Workflow of the developed methodology for correlating statistical IFs with physical STPs across multiple stages, from data acquisition to pro-
duction–structure analysis.
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(CLSM). A total of 89 CLs were fabricated using the spray-
coater and were then systematically grouped into six different
datasets based on the defined parameter study. The uniformity
of the deposited layer was checked optically for each CL. These
measurements showed that the deposit is not uniform across
the layer, and therefore that a single measurement position
would not be representative. Five positions per sample were
consequently measured, as shown in Fig. S1. Next, the
samples were analyzed using a CLSM, which produces inten-
sity-based microscopy images and height maps. From the
latter, 19 STPs were extracted to quantitatively describe the
microstructure of the produced CL.

In the second stage of the workflow, the Correlation study,
two main phases were carried out: data processing and para-
meter space reduction. In the first phase, the STPs from the
CLSM are transferred into an appropriate data structure, and
the intensity images are processed with the PyRadiomics
library72 to extract the IFs. Pearson correlation analysis was
then applied to detect linear relationships between the
extracted STPs. This analysis identified three representative
STPs (Sa, Sal, Ssk) that effectively characterized the entire para-
meter set. Additionally, 87 IFs were extracted using the open-
source platform PyRadiomics.72 In the second phase, the
selected STPs were correlated with the extracted IFs by calculat-
ing the Pearson correlation coefficient (PCC) for each parameter
combination. To reduce the parameter space, a combination of
strategies was employed to prioritize and eliminate redundant
IFs. This two-step process established a link between the STPs
measured from the height data and the IFs computed from the
intensity images. The criteria by which one IF was selected per
STP are given under Phase II. The third stage involved a detailed
analysis of the Production–structure relationship for CLs, con-
sidering optical density measurements, STPs, and IFs. This
framework was used to evaluate the feasibility of using IFs for
CL texture quantification. To validate the viability of this
method, production variables must lead to consistent and mea-
surable structural trends in the CL, as determined by both STPs
and IFs analyses.

Data acquisition

CL production. Initially, the dispersion production started
with adding the iridium oxide catalyst (Premion, Alfa Aesar)
into a 100 mL laboratory bottle. Deionized water (Milli-Q,
Merck Millipore) was added, followed by n-propanol (Merck).
The catalyst concentration was 3.3 mg mL−1 for all datasets.

The dispersion was ice-cooled for 5 min prior to the addition
of the water-based Nafion dispersion (D1021, Ion Power) and
subsequently treated with an ultrasonic horn while main-
tained in the ice bath. The CLs were produced using an ultra-
sonic spray-coater system (ExactaCoat, Sono-Tek) with an inte-
grated AccuMist nozzle operating at 48 kHz. The dispersion
was injected by syringes (25 mL, Hamilton) and a syringe
pump (Sono-Tek) which was operated from the ExactaCoat soft-
ware. The temperature of the heated vacuum plate was 90 °C.
The loading of the CLs was controlled by spraying on a metal
plate and weighing with a balance (AG204, Mettler Toledo).
The CLs were sprayed onto an N117 membrane (Chemours).
The same catalyst batch, Nafion dispersion, solvents and
equipment were used for all 89 CLs.

Parameter study. The standard production variables are
found in the grey area of Table 1, while the blue boxes show
the production variable studied. The presented parameter
study consisted of four datasets focusing on the production
variables (pressure, nozzle height, flow rate, alcohol content)
and two which focused on the CL properties (Nafion content,
Ir loading).

To investigate the impact of different production variables,
one dataset focused on the alcohol content of the dispersion.
The alcohol content is given relative to the total solvent mass.
The other datasets focused on spray parameters, such as the
gas pressure adjusted by the nitrogen gas supply or the nozzle
height, which measures the distance of the nozzle tip to the
vacuum plate. The nitrogen gas supply serves as both the
carrier gas and the shaping gas. The flow rate is a key process
variable, because it determines the amount of material deli-
vered over time. This affects both the coating thickness and
the total production time. The presented datasets refer to
typical input variables of a CL fabrication process. The plate
temperature was held at 90 °C for all datasets, which was
identified as the optimum in a study covering 40 to 110 °C.8

The drying conditions were kept constant, as the exhaust of
the spray coater operates at a fixed rate, so that the convective
removal of solvent vapor could not be varied independently.
Drying nonetheless enters the parameter study through several
of the studied variables: it begins as soon as the dispersion
leaves the nozzle, so that the nozzle height and gas pressure
determine how much solvent is removed in flight, while the
alcohol content sets the evaporation rate and the flow rate the
amount of solvent delivered per unit time. Compared with
doctor blade or slot-die coating, the wet film arriving at the

Table 1 Overview of the main production variables chosen per dataset
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substrate is very thin, so that solvent removal occurs largely in
flight and immediately upon deposition. At high flow rates, or
when combined with a small nozzle height, more solvent
reaches the membrane than can evaporate, which leads to
swelling and irregularities.

The dispersion (“alcohol content”) is processed by adjusting
machine parameters (“gas pressure”, “nozzle height”, “flow
rate”), interacting with each other and consequently affect the
resulting CL properties. Some CL properties (“Nafion content”,
“iridium loading”) are output variables, which are conceptual-
ized at the beginning of production. On the other hand, the
Nafion content and the catalyst can be treated as input vari-
ables, since both are related to dispersion. Both influence the
dispersion stability and interact with the solvent ratio and each
other. This work focuses on the CL texture. Therefore, the
Nafion content and iridium loading are considered output vari-
ables and CL properties. Further CL properties, such as thick-
ness, porosity, and ionomer distribution, emerge from the inter-
action between input and output variables and are not
addressed here. This work focuses on the CL surface texture.

Characterization. The characterization was carried out with
a confocal laser scanning microscope (LEXT OLS4000,
Olympus) possessing a height resolution of 10 nm and an x–y
resolution of 120 nm. The utilized objective lens was the
MPLAPON100XLEXT with (129 × 129) μm2 field of view at a
working distance of 0.35 mm. Each CL was fixed onto a dis-
assembled hard disk drive that had a uniform surface and
thickness (25 mm). For fixation, a 190 μm thick double-sided
adhesive tape (VHB™GPT-020F50, 3M™) was used. Every
sample was measured at five different locations. An exemplary
schematic of the probing locations on the CLs is presented in
Fig. S1. The arrangement consisted of three equidistant points
on a diagonal, with one location placed in the middle of the
sample. The other two measurements were taken perpendicu-
lar to the initial three measurements, with one placed at the
outer corner and the other positioned between that corner and
the remaining three measurements. It was assumed that the
symmetry of the square CL would not require additional
measurements. Intensity and height images are generated
during the measurement process. Intensity images record the
amount of light reflected or emitted from each point on the
specimen’s surface. They provide contrast based on the speci-
men’s reflectivity. These images reveal surface features with
varying optical properties and are useful for distinguishing
different material phases or structures.78,79 A height image is
derived from the z-position at which the maximum intensity is
detected for each lateral point. It provides precise measure-
ments of the sample surface topography. Together, these two
types of images offer complementary information. The inten-
sity image reveals material or structural contrasts, while the
height image maps the actual three-dimensional surface mor-
phology. Both are essential for comprehensive surface
analysis.79–81 CLSM was selected because it provides a cali-
brated height map and a co-registered intensity image from
the same measurement over a field of view large enough to
sample the layer heterogeneity. Techniques such as AFM offer

higher resolution and would resolve nanoscale features inac-
cessible here, but over fields of view too small to obtain repre-
sentative areal parameters for a CL without a large number of
measurements per sample.

The intensity signal reflects local reflectivity and may there-
fore respond to compositional differences within the layer as
well as to topography. The two contributions cannot be separ-
ated with the measurements used here.

Since the height is taken from the z-position of maximum
intensity at each lateral point, the intensity image and the
height map derive from the same measurement. The IFs
extracted from the former and the STPs calculated from the
latter are therefore two statistical summaries of the same
surface, which is the basis for the correlation analysis carried
out here. The same applies to imaging techniques in which
intensity responds to topography, although the specific IF-STP
pairing and its scaling depend on how intensity relates to
height in each case.

For all measurements, the brightness was kept constant,
while the number of z-stack steps (focal planes) and the step
width (vertical distance between planes) were adjusted for each
specimen so that the full height range of the surface was cap-
tured. The 2D laser intensity image was exported as a tagged
image file (tif ) in a square format of 1024 × 1024 pixels and as
a 24-bit grayscale image. Prior to Gaussian filtering, which was
used to reduce noise, the surface level was adjusted and a cut-
off wavelength (λc) was set in the LEXT software. A preliminary
experiment indicated that λc = 25 µm provided the best results,
and this value was applied to all specimens.

Correlation study

The correlation study served two distinct purposes. The PCC
was used as a screening tool, to reduce the extracted IFs to a
tractable set and to rank them by how consistently they associ-
ate with an STP across independently produced datasets.
Whether an IF can be used in place of an STP was then
assessed separately, by comparing the response of each to the
production variable studied. This second step does not rest on
the magnitude of the coefficient and is described under
Production–structure relationship. Both steps remain fully
inspectable: the reduction follows from stated criteria, and the
agreement between an IF and its STP is read directly from the
measured data rather than through a fitted model with para-
meters that cannot be examined individually.

The PCC quantifies linear association only, and its magni-
tude depends on the shape of the underlying response and on
the variability present in the observations. There is no absolute
scale on which a coefficient can be judged strong or weak, as
this depends on the case studied and the range of
observations.73,74 Datasets with near-identical summary stat-
istics can have entirely different distributions, as demonstrated
by Anscombe’s Quartet75 and the Datasaurus Dozen.76,77 The
coefficients reported here are therefore interpreted alongside
the corresponding trends rather than in isolation.

Phase I: data processing. In Phase I, standardized pro-
cedures are applied to extract relevant features and compute
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the full set of correlations. In conjunction with the computed
height image, 19 STPs were calculated using the LEXT soft-
ware. The definition and classification of the obtained para-
meters are listed in Table 2. All further data processing utilized
parts of the open-source Python libraries pandas,82,83 matplo-
tlib,84 scipy,85 and seaborn.86

Table 2 contains several commonly used surface textures
according to ISO 25178. The data sets were merged to avoid
the redundant use of STPs. The PCC was calculated for all
possible combinations of STPs.

A cluster map was used to visualize the dependency pat-
terns among the STPs, which resolved into four groups. Three
representative STPs were selected, one from each of the groups
describing amplitude, lateral texture, and height distribution.
The fourth group comprises the extrema parameters, which
are sensitive to noise and were therefore not represented. Str
was excluded separately, as all samples were isotropic and the
parameter carries no discriminating information for this
material system. The 95% confidence interval of the calculated
PCC was computed by applying the Fisher transformation.87

From the 2D light intensity images, 87 IFs were extracted
from each image using the open-source platform
PyRadiomics.72 The calculated image features were derived
from different matrices. In particular, 23 parameters were
derived from the GLCM computed, 15 from the GLRLM, 15
from the GLSZM, 13 from the GLDM, four from the NGDTM,
as well as 17 first-order (FO) texture parameters.

Phase II: parameter space reduction. In this work, the
reduced variable set included 87 IFs and 3 selected STPs,
resulting in 90 variables. The STPs could be reduced before-
hand, as ISO 25178 defines what each parameter describes
and the redundancy among them can therefore be assessed
independently of the data. No comparable standard exists for

the IFs, and their relevance to the CL surface is not known a
priori. Reducing them at this stage would risk discarding fea-
tures whose relationship to the surface texture had not yet
been established, which is why the IF reduction follows the
correlation analysis rather than preceding it. Applying the
equation yields 4005 correlations per dataset, or 24 030 total
correlations across all six datasets. If all 19 available STPs had
been used instead, the number of variables would increase to
106, resulting in 5565 correlations per dataset, and 33 390
across all datasets. This comparison illustrates the substantial
increase in computational and analytical complexity that
would result from using the full set of parameters. As part of
this work, a multi-stage reduction strategy was developed to
ensure a traceable and systematic selection process. First, the
absolute value of the PCC was used to identify the ten stron-
gest correlations per dataset and per STP, yielding 180 IF-STP
pairs across all six datasets and three selected STPs. This
initial filtering prioritized the most relevant relationships
while significantly reducing the computational load and pro-
cessing time. Next, the redundancy of the selected image fea-
tures was examined. Only features that appeared among the
top correlations in more than one dataset were retained. This
consistency-based filtering excluded features with isolated or
dataset-specific importance, highlighting those with stable,
cross-dataset relevance. This refined subset of correlations,
now reduced to a manageable number (120), enabled a more
targeted evaluation. From this pool, one IF was retained per
STP according to the following criteria, applied in order: (i) the
IF must appear among the ten strongest correlations for that
STP in more than one dataset; (ii) candidates are ranked by the
number of datasets in which they occur, this being the prop-
erty most directly related to transferability; (iii) among equally
ranked candidates, the higher mean absolute PCC is preferred;
(iv) the three retained IFs are drawn from different texture
matrices, so that the descriptor set does not rest on a single
matrix; (v) where the preceding criteria do not discriminate,
the IF with the more directly interpretable textural meaning is
preferred. The candidates entering this selection and their
mean coefficients are listed in Table S3.

These IFs were then used to determine if similar con-
clusions could be drawn by substituting them for the original
STP. This step provides insight into the practical potential of
using statistical IFs as alternative to physical STPs.

Production–structure relationship. The IFs will contribute
only to the progress of electrode development if they can show
similar trends regarding structural characteristics as the STPs.
Therefore, the datasets were evaluated, interpreted and dis-
cussed with both textural feature classes, the STPs and the IFs.

Results and discussion
Phase I: data processing

The six datasets were merged at the beginning of this study
part. The PCC was calculated for each possible STP combi-
nation. A |PCC| > 0.70 is interpreted as a very strong linear

Table 2 List of surface texture parameters (STP) calculated by the LEXT
software

Classification Symbol Unit Definition

Height parameters Sq µm Root mean square height
Ssk — Skewness
Sku — Kurtosis
Sp µm Maximum peak height
Sv µm Maximum pit depth
Sz µm Maximum height
Sa µm Arithmetical mean height

Space parameters Sal µm Autocorrelation length
Str — Texture aspect ratio

Functional
parameters

Sk µm Core height
Spk µm Reduced peak height
Svk µm Reduced valley height
SMr1 % Material ratio in peak
SMr2 % Material ratio in valley
Sxp µm Peak extreme height

Volume parameters Vmp µm3 µm−2 Peak material volume
Vmc µm3 µm−2 Core material volume
Vvv µm3 µm−2 Valley void volume
Vvc µm3 µm−2 Core void volume
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relationship between two variables. The correlation is inter-
preted as strong correlation, if the PCC ranges between 0.50 <
|PCC| ≤ 0.70.

Therefore, the clustermap of the PCC results (Fig. 2)
showed that the STPs can be grouped into several classes, as
ISO 25178 suggested (Table 2). The dendrogram and cluster-
map analysis reveal four main groups of STPs. The level at
which branches merge in the dendrogram reflects the degree
of dissimilarity between STPs. Lower levels indicate greater
similarity or higher correlation, while higher levels indicate
greater dissimilarity.

The first group corresponds to the height parameter class
extremes and comprises Sv, Sp, and Sz. Specifically, Sv rep-
resents the maximum pit depth, or the distance from the
mean plane to the lowest surface point. Sp denotes the
maximum peak height, which is the distance from the mean
plane to the highest peak. Sz captures the maximum height

difference, which is defined as the vertical distance between
the deepest valley and the highest peak on the surface. While
these parameters effectively describe extreme surface features,
they are sensitive to noise and prone to outliers. They may not
always accurately represent the general surface profile, particu-
larly when measurement artifacts or irregularities are present.
Consequently, none of the STPs in the first group were
included in the correlation analysis.

The second group, consisting of Svk, Vvv, Sk, Vmc, Vvc, Sq, Sa,
and Sxp, was the largest group identified. It exhibited a
minimum observed |PCC| of 0.73, with only two STPs showing
|PCC| < 0.93. The third group was identified as comprising Sal,
Spk, and Vmp, while the fourth group includes parameters that
describe the general height distribution, namely Ssk, Sku, SMr1,
and SMr2. The texture aspect ratio, Str, showed for all relation-
ships a negative |PCC| ≤ 0.22þ0:11

�0:11. This was due to the fact
that this parameter describes the spatial isotropy, which

Fig. 2 Visualization of the correlation matrix and the computed pearson correlation coefficient (PCC) as clustermap.
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remained relatively unchanged for all samples. In total, 100%
of the studied CL possessed a Str value of >0.40, while for 98%
a value of >0.70 was obtained. This indicated that all samples
studied possessed a high isotropy with no directional orien-
tation. Str was hence omitted from further analysis.

Three representative STPs were selected based on the clus-
termap (Fig. 2), and their detailed relationship to the other
STPs is presented in Fig. 3. One STP was selected per group,
except for the group comprising the extrema parameters,
which was not represented for the reason given above. The
arithmetical mean height (Sa), which ranged from 0.20 µm to
0.46 µm across the studied CLs, was chosen as first representa-
tive STP as it showed a PCC of ≥0.97þ0:01

�0:01 (Sxp, Sq, Vmc, Vvc, Sk)
in six out of nineteen combinations. Further, a strong corre-
lation was observed between Sa and Vvv (PCC = 0.89þ0:02

�0:03) as
well as to Svk (PCC = 0.82þ0:03

�0:04). The correlation between Sa and
reduced peak height, Spk (PCC = 0.70þ0:05

�0:06), or peak material
volume, Vmp (PCC = 0.68þ0:06

�0:06), marked the boundary where Sa
could be used to represent the other STPs. These strong
relationships originate partly from inherent mathematical
dependencies between the parameters, as several are averages
over the same height field. Sa and Sq, for example, differ only
in whether the deviations from the mean plane are averaged as
absolute values or as squares. Using only Sa for all applications
may not be appropriate, as certain parameters could be more
sensitive to particular processes. From a quality control per-
spective, Sa is therefore the primary candidate for monitoring
CL production, as it represents almost 50% of the STPs
studied. Analyzing the computed confidence interval at a level
of 95% showed that they increased with decreasing PCC. That

was due to the increased variance with decreased PCC and
showed why the 95% computed confidence interval was higher
for the other representative STPs than for Sa.

The other two chosen representative STPs were the autocor-
relation length Sal and the skewness Ssk. The autocorrelation
length describes the spatial surface texture and is equal to the
lateral length with the fastest decay to a given value, here s =
0.2. This parameter is used to describe the contact behavior of
rough surfaces or adhesion properties.34,35 Analysis of the PCC
showed that Sal correlated to all parameters represented by Sa
within a range of 0.52þ0:08

�0:09 < PCC ≤ 0.66þ00:6
�0:07, but correlated

weakly to the remaining parameters (|PCC| ≤ 0.24þ0:10
�0:11) as well.

A moderate correlation between Sal and the parameters rep-
resented by Sa is expected, since rougher surfaces tend to have
coarser lateral features. The clustering nevertheless resolves Sal
into a separate group, and the two parameters describe
different properties. Sa quantifies the amplitude of the height
variation, whereas Sal quantifies the lateral length scale over
which it occurs. The skewness describes the symmetry of the
height distribution. A value near zero indicates a symmetric
distribution, positive values a surface dominated by peaks,
and negative values one dominated by plateaus with pits. The
skewness correlated weakly to most of the STPs (|PCC| ≤
0.44þ0:09

�0:09), and strongly to Sku (PCC = 0.78þ0:04
�0:05), SMr1 (PCC =

0.78þ0:04
�0:05), and SMr2 (PCC = 0.61þ0:07

�0:07). Finally, one identified
STP group is not represented, as the three STPs Sv, Sp, and Sz
describe the extrema of the surface texture and are, therefore,
prone to noise and measurement errors.

The correlation analysis revealed that many surface texture
parameters describe similar height-related information, allow-

Fig. 3 Relationship between the representative STP’s, noted at the top of each graph, and the corresponding STP written on the y-axis. The three
representative STPs are the arithmetical mean height (Sa), the autocorrelation length (Sal), and the skewness (Ssk). Bar color indicates the sign of the
correlation, blue for positive and orange for negative, with the PCC presented as absolute value. The definition of the acronyms can be found in
Table 2.
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ing the parameter set to be reduced to a few representative
descriptors. In particular, Sa captures most height-related vari-
ations and can serve as a primary quality indicator for catalyst
layer production, while Sal and Ssk provide complementary
information on lateral texture characteristics and height distri-
bution symmetry.

Phase II: Parameter space reduction

For each dataset presented in Table 1, the PCC was calculated
between each selected STP and the 87 extracted IFs. To reduce
the number of IFs and to prioritize the relevant parameter set,
the ten strongest correlations of the absolute PCC were selected
for each dataset and STP. It became apparent that the obtained
PCCs depended on the selected dataset. Averaging the absolute
PCC per dataset showed that the “gas pressure” dataset had the
weakest correlation with (0.49 ± 0.10), followed by the “nozzle
height” dataset (0.61 ± 0.15) and the “flow rate” dataset (0.61 ±
0.15). The strongest correlations were obtained from the
“iridium loading” (0.91 ± 0.06), “alcohol content” (0.78 ± 0.15)
and “Nafion content” (0.70 ± 0.14) data sets. The mean absolute
PCC of the ten strongest correlations per STP is reported for
each dataset as a descriptive summary of the overall correlation
strength of the respective dataset, with the stated interval being
the standard deviation across these correlations. As the priori-
tized IFs are not independent of one another, this value is
descriptive and is not interpreted as a statistical estimate.

Fig. 4a shows the averaged PCCs sorted with respect to the
different datasets and reference STPs. The negative PCCs are
shown as absolute values to facilitate comparison. After
sorting the PCCs, the maximum standard deviation obtained
was ±0.09 for the positive correlation between IFs and Sa in the
case of the “Nafion content” dataset (0.52 ± 0.09). At the same
time, this was the weakest correlation obtained for the respect-
ive dataset and the correlation between prioritized IFs and Sa.
Except for this particular case, Sa correlated more strongly
than Sal and Ssk with the extracted IFs for every other dataset.
The strongest correlations between Sa and IFs were obtained
from the “iridium loading” dataset, which showed both posi-
tive and negative correlations, with averaged PCC of 0.96 ±
0.01. Sal correlated more strongly with the prioritized IFs than
Ssk in four out of six datasets. In the Nafion content dataset,
the IFs showed a stronger correlation for Ssk compared to Sa
and Sal. The strength of the correlation depended on the
dataset, probably due to underlying information and depen-
dencies within the dataset used. However, these parameters
must not affect the STPs or IFs linearly. A low coefficient can
therefore reflect how the data are distributed rather than how
well the descriptors correspond. As mentioned above, the
obtained correlation strength depends on the range of obser-
vation.74 This can lead to low correlation values for certain
datasets. Another selection criterion is redundancy, as it
reflects how versatile and robust a given parameter is. For each
dataset, the ten prioritized IFs were analyzed for redundancy
across all datasets examined, as shown in Fig. 4b. In total, 38
out of 87 IFs met the criterion of occurring more than once
across datasets, thereby reducing the parameter space by 56%.

Redundancy analysis revealed that per STP, 26 IFs corre-
lated with Sa and Ssk, while 22 correlated with Sal. Among the
IFs, six parameters described the FO parameter space, while
seven were derived from the GLCM, eight from the GLDM, six
from the GLRLM, nine from the GLSZM, and two from the
NGTDM. The retained features therefore comprise 7 of 23
GLCM, 8 of 13 GLDM, 9 of 15 GLSZM, 6 of 15 GLRLM, 2 of 4
NGTDM, and 6 of 17 FO texture parameters. The abbreviations
of all IFs are listed in Table S1. No tendency was observed for
the correlation between the IFs and Sa. However, none of the
GLCM features correlated with Sal, while only two of the nine
GLSZM features correlated with Ssk. Analysis of the different
datasets showed that only GLDM9 (large dependence high gray
level emphasis) correlated strongly enough with Sa across all
datasets and GLRLM6 (long run high gray level emphasis) cor-
related within five datasets. All other IFs correlated across at
most four datasets with Sal (GLDM8, GLRLM15, GLRLM5,
GLSZM12, GLSZM13). Meanwhile, Ssk exhibited correlations
with three IFs (GLCM14, GLDM1, GLDM2) present in three
datasets at maximum. None of the extracted IFs correlated for
the same dataset and simultaneously with all STPs, showing
that the IFs represent different aspects of surface texture.
Consequently, additional examinations concentrated on the
most frequently observed IFs across the datasets and their cor-
relation with a specific STP. These parameters were evaluated
in more detail in the next step and compared with the other
PCCs calculated, shown for each dataset in Fig. S2–S7. The
relationship between IFs and STPs showed a clear dependence
on the specific STP, as Ssk showed an inverse directional
dependence, unlike the other two STPs. This tendency was
also observed in the other datasets evaluated. For the “iridium
loading” dataset, shown in Fig. S7, both Sa and Sal obtained 14
PCCs >0.80, while the trend of the confidence interval was
similar to that observed in Fig. 3 evaluating the correlation
between the different STPs. The lower the PCC, the wider the
confidence interval. In the case of Ssk, only four relationships
were obtained that had a PCC greater than 0.80. As explained,
the respective datasets affected the correlation strength of the
obtained PCCs. This made it difficult to highlight a clear ten-
dency regarding the correlated IFs and their corresponding
correlation strength. Therefore, only the three selected IFs
after the redundancy analysis were considered for further
explanation of the datasets. The corresponding visual rep-
resentations for each of the six datasets (Fig. S2–S7) can be
found in the supplement, together with an in-depth discussion
of the observed correlations. The resulting connection between
the selected STPs and IFs is summarized in Fig. 5.

Fig. 5 summarizes which IF was selected for each STP and
the strength of the underlying correlation. The selection fol-
lowed the criteria defined in the methods section, applied in
order. Occurrence across datasets was weighted above corre-
lation strength, since an IF that recurs in independently pro-
duced datasets is more likely to transfer than one with a high
coefficient in a single dataset. GLDM10, for instance, reaches a
higher mean coefficient for Sa than GLDM9 (0.88 against 0.77)
but occurs in only three of the six datasets, whereas GLDM9
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occurs in all six and was therefore selected. Where candidates
could not be separated on these grounds, the remaining cri-
teria applied. For Sal, five IFs occur in the same four datasets
with mean coefficients between 0.64 and 0.69. GLRLM5 was
selected rather than the marginally higher-ranked GLDM8,
since GLDM9 is already selected for Sa and drawing all descrip-
tors from a single texture matrix would reintroduce the redun-
dancy the reduction is intended to remove. Long run empha-
sis, which quantifies the extent of contiguous same-intensity
runs, also corresponds more directly to the lateral length scale
that Sal describes than large dependence emphasis does. For
Ssk, GLDM1 and GLDM2 occur in the same three datasets and
correlate with one another at PCC = 1.00 across all datasets, so

the two carry the same information and GLDM2 was selected.
The candidates entering the selection and their mean coeffi-
cients are listed in Table S3. The selection of the IFs and the
physical meaning they carry are discussed in more depth, with
exemplary CL surface features, in the SI.

Production–structure relationship

The IFs are analyzed alongside the STPs to determine if inter-
preting the STP leads to the same conclusions as analyzing the
respective IF. The IFs can only be considered reliable descrip-
tors of the CL texture in future experiments, such as monitor-
ing the CL structure across different magnification scales, if
both the STPs and IFs lead to consistent conclusions. Another

Fig. 4 Results of the first two steps of the parameter space reduction (a) selecting the ten strongest correlations for each dataset and (b) checking
the redundancy of the prioritized IFs. Where no value is given for a sign, no correlation of that sign was among the ten strongest for that STP and
dataset. The acronyms referring to the respective IFs calculated by the different matrices, such as the gray-level co-occurrence matrix (GLCM), gray-
level run length matrix (GLRLM), gray level size zone matrix (GLSZM), neighboring gray tone difference matrix (NGTDM), gray level dependency
matrix (GLDM), and the first-order texture parameter. The exact definition of the parameters can be found in Table S1.
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important aspect is that IFs enable the quantitative analysis of
CLSM intensity images. This allows for more sophisticated
comparisons between different samples and enhances objec-
tivity. This is shown exemplary in Fig. 6. The nozzle height was
varied from 10 mm to 60 mm, and corresponding images were
acquired. A visual comparison of these images makes it
difficult to draw clear conclusions. However, applying IFs
allows the objective quantification and interpretation of image
data, making the underlying structural information accessible
through statistical analysis, as presented in Fig. 7a–c. The fol-
lowing explanations use the three selected pairs: GLDM9 with
the arithmetical mean height (Sa), GLRLM5 with the autocor-
relation length (Sal), and GLDM2 with the skewness (Ssk).

The selected IFs used in this chapter for explanation and trend
monitoring are as follows: GLDM9 characterizes the joint distri-
bution of large dependencies associated with higher gray-level

values. GLDM9 quantifies the spatial relationship of each pixel to
its neighbors within a given distance with lower values tending to
more homogeneity within the image. GLRLM5 measures the dis-
tribution of long run lengths, with higher values indicating longer
sequences of similar gray levels and a coarser texture overall.
Finally, GLDM2 assesses the similarity of pixel dependencies
across the image, where lower values reflect greater consistency
and uniformity in structural patterns. The three selected IFs
follow the criteria described in the methods section, and the can-
didates entering the selection are listed in Table S2. First, the
datasets relating to the production variables are analyzed and dis-
played in Fig. 7. The x-axis represents the production parameter
studied. The doubled y-axis displays the information of the
respective STP (Sa, Sal, Ssk) together with its linked IF.

Adjusting the production variables lead to variations of Sa
in the range between 0.20 μm and 0.46 μm while its counter-

Fig. 5 Overview of the connection between the selected STPs and IFs based on the redundancy analysis. The STPs are the arithmetical mean
height (Sa), the autocorrelation length (Sal), and the skewness (Ssk). The IFs are large dependence high gray level emphasis (GLDM9), long run high
gray level emphasis (GLRLM6), large dependence emphasis (GLDM8), long run emphasis (GLRLM5), small area low gray level emphasis (GLSZM13),
small area high gray level emphasis (GLSZM12), short run high gray level emphasis (GLRLM15), dependence non-uniformity (GLDM2), dependence
entropy (GLDM1), and informational measure of correlation 1 (GLCM14).

Fig. 6 CLSM intensity images of CL surfaces at varying nozzle heights (a–c), illustrating the challenge of visual comparison and the value of using
IFs for quantitative analysis.
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part GLDM9 ranged from 1.87 to 9.48. Depending on the
dataset examined, the GLDM9 scaled differently compared to
Sa by a factor ranging from 10 to 35. However, for all datasets,
the observed trends mirrored the trend observed in the ana-
lysis of Sa.

The flow rate (Fig. 7d–f ) showed that the higher the flow
rate, the higher Sa and GLDM9. However, no conclusive trend
could be identified for the other surface properties studied.
Surface characterization indicated that gas pressure (Fig. 7g–i)
resulted in minimized Sa and Ssk if the pressure was between 3
kPa and 10 kPa. Sal for this dataset behaved similarly, but
showed a distinct minimum at 7 kPa. As the response to gas

pressure is not monotonic, the linear correlation coefficients
for this dataset remain low irrespective of how closely the IFs
follow the STPs. The agreement between the two descriptor
families is instead partly reflected in the course of the points,
including the position of the minima.

To fully understand the relationship, it is critical to con-
sider the flow rate in relation to pressure and nozzle distance.
A combined descriptor such as a deposition rate could capture
this interdependence, but defining one would require varying
these parameters in combination rather than individually, as
was done here. When the pressure was too low and the flow
rate too high, the CL structure exhibited irregularities. The

Fig. 7 Impact of the production variables on the surface texture. The surface texture was evaluated by studying the surface texture parameter
monitored by the CLSM characterization and the extracted image features of the obtained laser intensity images. The y-axis of GLRLM5 was inverted
to facilitate the comparison to autocorrelation length (Sal). GLDM9: large dependence high gray level emphasis, GLRLM5: long run emphasis,
GLDM2: dependence non-uniformity. The panels show nozzle height (a–c), flow rate (d–f ), and gas pressure (g–i), each with Sa and GLDM9 (a, d, g),
Sal and GLRLM5 (b, e, h), and Ssk and GLDM2 (c, f, i).
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reason was most likely that the resulting inhomogeneous spray
cone distributed the dispersion non-uniformly over the mem-
brane surface. A higher flow rate can be employed depending
on the nozzle height. On the other hand, if the nozzle distance
is too small, using a high flow rate can result in swelling of the
non-homogeneous CLs of the membrane. When comparing
the microscopy images in Fig. 6, no clear conclusion can be
drawn. However, analysis using STPs or IFs revealed that the
nozzle height influenced the arithmetical mean height (Sa),
which was minimized at the greater distance of 60 mm. Both
Sal and Ssk obtained a clear minimum at a nozzle distance of
20 mm.

The study of the associated IFs led to the same conclusion
across all classical spray-coating parameter investigated. The
relationship between the production variables and their effect
on surface texture was not purely linear, which explains the
comparatively lower PCC values. Nevertheless, GLDM9,
GLRLM5, and GLDM2 describe the surface texture in a
manner comparable to their respective STPs, indicating more
complex, non-linear interactions between the variables
studied.

The production parameters systematically influence the
catalyst layer surface texture, although their relationships are
not purely linear due to the complex interactions governing
spray coating. Within the investigated parameter window,
more homogeneous catalyst layers were obtained using a
larger nozzle distance (≈60 mm) together with moderate gas
pressures (≈3–10 kPa) and lower flow rates (≤0.2 mL min−1),
highlighting the importance of balancing these parameters
during laboratory-scale spray coating.

The alcohol content is one important property of dispersion
and is therefore crucial for the resulting CL structure. To deter-
mine whether IFs can capture the structural changes induced
by varying alcohol content, the n-propanol concentration was
systematically varied, and the results are presented in Fig. 8.
Adjusting the alcohol content had strong effects on the Sa and
GLDM9. For both Sa and GLDM9, the smallest value was

observed at an alcohol content of 67%. Reducing the n-propa-
nol content of the dispersion well below the azeotropic point
to 33% had a drastic effect on Sa, as the value increased from
0.26 μm to 0.46 μm, which were simultaneously the maximum
of all the data sets studied.

A maximum GLRLM5 value of 55.4 was observed at 67%
n-propanol content, but the Sal did not show much difference
between 2.41 μm at 66% and 2.33 μm at 91% n-propanol
content. Ssk reached its maximum of 0.71 at 67% n-propanol
content, like GLDM2 which was 0.178. Interestingly, Ssk was
comparatively high as the water/n-propanol was close to its
azeotropic point at 67% n-propanol. The reasons for this could
be manifold, as the interaction between the dispersion, its pro-
cessing and the resulting CL structure depends on various
factors. It has been reported that for the dispersion system
studied, higher n-propanol content resulted in stronger cata-
lyst–ionomer interaction and better dispersed particles with
fewer agglomerates.11 Another study suggested that the
ionomer–catalyst interaction prevents catalyst agglomeration
in the dispersion.10 This could explain why changes in alcohol
content lead to an altered CL texture. The lower the n-propanol
content, the less stabilized the dispersion was. Therefore,
larger agglomerates formed a rougher surface texture, indi-
cated by higher Sa values. The accompanying decrease in Ssk
indicates that the surface is dominated by broad raised regions
separated by deeper gaps, rather than by isolated peaks. High
alcohol contents (91%) could lead to similar behavior, as dis-
persion stability is a critical and complex factor influencing
the resulting CL structure.

The datasets related to the CL components are shown in
Fig. 9. The Nafion content dataset (Fig. 9a) was non-linear and
the PCC values for all IFs considered were below 0.50.
Nevertheless, both Sa and GLDM9 showed that increasing
Nafion content had no effect on surface roughness as long as
the Nafion content was larger than 10 wt%. With little vari-
ation in roughness above this content, there is little for the
correlation to resolve, so the coefficients for this dataset are

Fig. 8 Impact of the alcohol content on the surface texture. The surface texture was evaluated by studying the surface texture parameter moni-
tored by the CLSM characterization and the extracted image features of the obtained laser intensity images. The y-axis of GLRLM5 was inverted to
facilitate the comparison to Sal. GLDM9: large dependence high gray level emphasis, GLRLM5: long run emphasis, GLDM2: dependence non-uni-
formity. The panels show Sa and GLDM9 (a), Sal and GLRLM5 (b), and Ssk and GLDM2 (c).
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low independently of how closely the IFs follow the STPs. The
plateau also bears on the remaining datasets: all other CLs
were produced at 11 wt% Nafion and therefore lie within it, so
the texture variations reported for the other five production
variables are not confounded by ionomer content.

One possible reason could be the lower dispersion stability,
because the Nafion content affects the dispersion behavior.
The ionomer adsorbs onto the catalyst particles and stabilizes
the dispersion, so that at low Nafion contents the particles are
less well stabilized and larger agglomerates form.10,11 The dis-
persion properties themselves were not characterized in this
work. Rheology, viscosity, dispersion stability and agglomerate
size distribution govern droplet formation at the nozzle and
the state of the dispersion on arrival at the substrate, and
therefore sit upstream of the production variables studied
here. Combining their systematic characterization with the
descriptors identified in this work would allow the link
between ink formulation, machine parameters, and the result-
ing CL structure to be quantified rather than inferred. This is
similar to the effects observed for the alcohol content, where
reduced alcohol levels led to the formation of larger agglomer-
ates. Sal increased at high Nafion content, but the counterpart
GLRLM5 behaved differently and did not show the same trend.
Ssk and GLDM2 showed a similar trend, as both increased with
increasing Nafion content in the CL. This indicates that the

surface becomes smoother as Nafion spreads across the
surface, reducing the sharpness of the emerging surface fea-
tures. The larger Sa at low Nafion contents indicates that the
surface features are more pronounced, which is consistent
with larger catalyst domains being less covered by ionomer.
With increasing Nafion content, Ssk shifts from a more sym-
metrical height distribution toward one in which peaks are
more prevalent, while Sa remains unchanged. Together with
the increase in Sal, this indicates that the lateral features
become coarser and the surface is dominated by fewer raised
regions, rather than that the roughness itself changes. The
Iridium loading dataset (Fig. 9b) possessed the highest PCC,
i.e. the strongest correlation between the studied STPs and IFs.
Sa was the lowest for 0.1 mgIr cm

−2 and increased along with
the loading up to 0.5 mgIr cm

−2. Beyond this loading, a dou-
bling of the loading had nearly no effect on Sa. This trend was
also obtained for Sal and both IFs (GLDM9, GLRLM6).
However, the relative impact of the roughness gets smaller as
the thickness of the CL gets higher. This could indicate that a
threshold was observed for loadings >0.5 mgIr cm

−2, similar to
observations made by Rozain et al.88 and Bernt et al.89 The
autocorrelation length (Sal) and GLRLM5 obtained a PCC of
−0.91, and the trend observed for this dataset represented this
strong correlation. This emphasized the importance of under-
lying dataset structure while applying correlation studies.

Fig. 9 Analysis of the surface texture in dependency to basic CL properties as the Nafion content or iridium loading. The y-axis of GLRLM5 was
inverted to facilitate the comparison to autocorrelation length (Sal). GLDM9: large dependence high gray level emphasis, GLRLM5: long run empha-
sis, GLDM2: dependence non-uniformity. The panels show Nafion content (a–c) and iridium loading (d–f ), each with Sa and GLDM9 (a, d), Sal and
GLRLM5 (b, e), and Ssk and GLDM2 (c, f ).
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The composition of the catalyst layer affects the surface
texture differently depending on the component considered.
While increasing Nafion content (>10 wt%) has little influence
on overall roughness but smoothens sharp surface features,
increasing iridium loading raises the absolute roughness up to
≈0.5mgIr cm

−2, beyond which the surface structure approaches
a saturation regime This might seem surprising, as discontinu-
ous coverage at low iridium loadings could be expected to give
a rougher surface. However, this observation can be explained
by the substantially lower thickness of the catalyst layers at low
loadings, where the absolute height variations remain small.
Consequently, their absolute roughness values are smaller,
although the roughness is larger relative to the catalyst layer
thickness.

The datasets were designed as controlled parameter studies
rather than for predictive modeling, and the agreement
between an IF and its STP was assessed on the same samples
from which both were computed. Surfaces with a directional
texture were not examined, all layers in this study being isotro-
pic with Str 0.40.

Relation to device-relevant properties

The descriptors identified here quantify the CL surface, and it
is useful to indicate how they may relate to device-relevant pro-
perties, although no electrochemical measurements were per-
formed in this work. At the anode, the CL is contacted
mechanically by the PTL, and the resulting interfacial resis-
tance is a recognized contributor to cell resistance at reduced
iridium loadings.13 Contact resistance describes the deviation
of a real contact from an ideal one.90 For two solids in
mechanical contact, this deviation arises because the real
contact area is only a fraction of the apparent area and the
current is constricted through discrete contact spots. Two of
the descriptors relate to this directly: Sa quantifies the ampli-
tude of the height variation, while Ssk distinguishes plateau-
dominated from peak-dominated height distributions, so that
surfaces with comparable Sa may establish different real
contact areas under compression. Sal describes the lateral
length scale over which the height varies and therefore indi-
cates whether the CL surface is structured on a scale compar-
able to the pore and fiber dimensions of the PTL, which would
determine how uniformly the layer is contacted. These
relationships are expectations rather than results and testing
them requires device-level measurements outside the scope of
this study. The present work provides the basis for this. Three
descriptors that are reproducible and independent of each
other can be related to device performance without the overlap
that using all 19 parameters would introduce.

The relationships reported here were established on spray-
coated IrO2 with Nafion, deposited at a plate temperature of
90 °C under constant drying conditions and measured on a
single CLSM under fixed acquisition settings. The workflow is
general, and the redundancy structure of the STP set should
hold wherever surface texture is measured by the same stan-
dard, but the specific STP-IF assignments should be verified
for other material systems, imaging techniques, and proces-

sing conditions. The three descriptors cover the amplitude,
the lateral length scale, and the symmetry of the height distri-
bution, and are therefore a reasonable starting point for other
systems, whereas a more specific question may require check-
ing which of the parameters they represent is the relevant one.
The associated IFs offer a corresponding starting point, as
each was selected for tracking its STP across independently
produced datasets. Since the IFs are computed from gray
levels, the relationship between pixel intensity and topography
determines the sign of the correlation. In the images used
here, high intensity corresponds to raised material, where this
relationship is reversed, the correlations would be expected to
change sign rather than to disappear.

Conclusion

This work quantified the surface texture of 89 spray-coated CLs
from 443 CLSM measurements and reduced the standardized
ISO 25178 parameter set to three non-redundant descriptors:
Sa, Sal, and Ssk. Each was linked to a specific IF (GLDM9,
GLRLM5, and GLDM2) that reproduces its response to the
studied production variables. The outcome is a compact
descriptor set for CL texture that can be obtained either from
calibrated height data or from intensity images alone. The
magnitude of the correlation coefficient depends on the distri-
bution of the data and on the variability present in each
dataset, rather than on the quality of the descriptor, which is
why the trends are reported alongside the coefficients
throughout.

Adjusting the alcohol content significantly affected surface
roughness, with the smoothest layers obtained at 67 wt%
n-propanol and rougher textures at both lower and higher
alcohol contents. Spray-coating variables, such as gas pressure
and flow rate, also influenced Sa, revealing complex, non-
linear interactions, with higher flow rates resulting in
increased surface roughness. Variation in the Nafion content
and iridium loading affected the surface roughness of the CL
and showed that higher iridium loading resulted in rougher
surfaces.

IFs are currently applied mainly outside electrode research.
This work showed that CL texture can be quantified using IFs
derived from the GLDM and GLRLM, and that interpreting the
IFs led to the same conclusions as interpreting the corres-
ponding STPs, with one exception in the Nafion content
dataset. The strength of the correlation varied considerably
between datasets: coefficients were high for iridium loading
and alcohol content and low for the spray-coating parameters,
where the structural response is not linear, while the trends
agreed in most cases. This relationship is not specific to the
instrument. IFs and STPs correlate because both quantify the
texture of the same surface, one from the intensity distribution
and one from the height map. STPs remain straightforward to
obtain wherever a calibrated topographic instrument is avail-
able, but they are restricted to such instruments. IFs are com-
puted from intensity data alone and are therefore accessible

Paper Nanoscale

20788 | Nanoscale, 2026, 18, 20774–20792 This journal is © The Royal Society of Chemistry 2026



from imaging techniques that provide no height information,
including techniques offering higher lateral resolution than
CLSM, such as SEM. Which IF serves as the closest proxy for a
given STP, and how the two scales, depends on the imaging
technique and remains to be established beyond CLSM.
Quantifying microscopy images in combination with auto-
mated image acquisition therefore offers a route to monitoring
CL structure across length scales, and to a more systematic
understanding of the PSPT in electrode engineering.
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