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The performance of a particulate filter is determined
by properties that span the macro, meso and
atomic scales. Traditionally, the primary role of
a gasoline particulate filter (GPF) is to reduce
solid particles and liquid droplets. At the macro
scale, transport of gas through a filter’s channels
and interconnecting pores act as main transport
arteries for catalytically active sites. At the meso
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scale, the micropore structure is important for
ensuring that enough active sites are accessible for
the gas to reach the catalyst nanoparticles. At the
atomic scale, the structure of the catalyst material
determines the performance and selectivity within
the filter. Understanding all length scales requires a
correlative approach but this is often quite difficult
to achieve due to the number of software packages
a scientist has to deal with. We demonstrate
how current state-of-the-art approaches in the
field can be combined into a streamlined pipeline
to characterise particulate filters by digitally
reconstructing the sample, analysing it at high
throughput, and eventually use the result as an
input for gas flow simulations and better product
design.

1. Background
Autocatalysts are one of the most effective
ways to reduce pollution such as smog from
car exhausts (1). The autocatalyst does this by
removing vehicle exhaust outputs such as carbon
monoxide, nitric oxides and soot to legislated
levels (2). The autocatalyst is made up of groups
of channels composed of monolithic catalyst
supports that are either in a square or honeycomb
structure (3).
One type of catalyst is where the washcoat is
coated on a porous ceramic wall-flow filter monolith,
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which has a pattern where every other channel is
either an inlet or plug (4). Such a configuration
allows the gas to flow through the wall of the
monolith, trap the particulate matter, and thereby
increase the surface area contact of the gas with
the active material. The catalyst coating is usually
porous and is made up of alumina and ceriazirconia supports (5) loaded with platinum group
metal nanoparticles.
The quantitative investigation of performance
criteria across length scales requires a correlative
approach. For such monoliths, the performance of
the particulate filter is determined by three aspects
across the micrometre to Ångstrom length scales.
The interconnecting pores within the wall structure
affect the transport of gas to the catalyst active
sites (6), this effect can be observed at the macro
and meso scales. The morphology and atomic
structure of the catalyst nanoparticles affect the
selectivity and performance required to reduce
pollution (7, 8).
Here, a combination of X-ray microscopy (XRM),
focused ion beam–scanning electron microscopy
(FIB-SEM) and transmission electron microscopy
(TEM) has been used. Analysis in the XRM is carried
out by taking multiple two-dimensional (2D) images
of a rotating object and reconstructing the images
into a digital three-dimensional (3D) structure.
Similarly, in the FIB-SEM a smaller area of interest
is picked out and a volume is created by precisely
milling the sample and recoding the image which
is subsequently added to the 3D slice. In the TEM,
the samples can be imaged as single images,
spectroscopic data cubes and 3D reconstructions
by acquiring a tilt series acquisition.
XRM is well suited to observing monolith properties
in 3D, such as coating uniformity and pore network
distribution at micrometre scale resolutions (9).
FIB-SEM is used to investigate smaller features in
3D, which are often missed by the XRM resolution
limit, which is ~0.8 µm in this work (10). To go
beyond the device scale, FIB-SEM can be used to
extract 50–100 nm thick lamellae from the sample
for further TEM imaging (11). This allows the
characterisation of nanoparticle atomic structure,
as well as higher spatial resolution composition
analysis of the sample (12, 13). The TEM also
offers further high-level characterisation such as
oxidation state mapping as well (14).
When trying to correlate performance to
rational catalyst design, several observations,
measurements and iterative refinements are
necessary. This agile approach requires fast
characterisation of materials in a correlative way
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using a methodology aided by machine learning
(ML) and automation (15). Moreover, in industry,
this must be done rapidly due to high turnover
using microscopes such as the XRM, FIB-SEM
and TEM.
Data acquired from the instruments is challenging
to quantify due to its complexity and quantity. We
showcase a pipeline that can aid with streamlining
such analysis. Moreover, expertise in data science
and engineering is required to handle the data in
a structured manner to build an efficient analysis
pipeline. With the emergence of new proprietary
tools and open source libraries we demonstrate
how both technologies can be leveraged effectively
in combination with in-house developed code to
deliver comprehensive analysis.

2. Methods
2.1 Sample Preparation
In this paper we concentrate on a research-grade
GPF designed to demonstrate our analysis workflow
presented here. The filter sample was prepared
and chosen as a model sample by ensuring that
the washcoat is applied onto the wall and into the
wall of the support structure. The monolith support
structure is made up of a porous ceramic material
and the catalyst coating is made up of alumina
with ceria-zirconia supports with palladium
nanoparticles.
In order to perform a correlative study, the sample
was imaged sequentially using each microscope,
starting first with the XRM, then with the FIB-SEM
and finally with the TEM. For correlative studies, it
is often best to investigate the sample at a large
field of view to pick out regions of interest that can
then be studied at a higher resolution.
For the XRM, a section of the monolith was cut into
an area spanning a few square centimetres from
the middle of the sample and embedded in resin.
Once both monolith and coating were scanned
using the XRM a smaller area was selected from
the coating to be analysed by FIB-SEM. It is difficult
to determine which area will be representative of
the whole sample. A statistical sampling study is
required in the long term. This was outside the
scope of the present paper as we are demonstrating
the 3D analysis workflow, therefore we randomly
chose a region of interest to mill.
3D structural information was acquired by
sequential milling of the sample using the ion beam
and then imaging the polished cross-sections.
Following 3D analysis, a TEM lamella was prepared
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from an immediately adjacent region of the sample.
The lamella was mounted onto a TEM omniprobe
grid and thinned to electron-transparency for high
spatial resolution TEM imaging and spectroscopic
elemental mapping.

2.2 Image Segmentation with
Machine Learning
Segmentation lays the foundation for all subsequent
quantitative analysis, thus proving to be the
most critical component of any image analysis
workflow (16). Recent ML approaches such as deep
learning have proven to be highly successful in
solving several tough computer vision tasks (17).
This is especially true for instances where
conventional approaches such as thresholding have
failed before (18). However, deep learning methods
require several manually prelabelled datasets to
obtain meaningful results. Here in collaboration
with ZEISS, Germany, we have deployed a workflow
that utilises ML to perform pixelwise image
segmentation without needing several images of
training data. The ML algorithms used within the
software are well known within the computer vision
field and discussed later in this section, however
our main focus is in creating a pipeline to deploy
the workflow in a streamlined manner. ZEISS has
provided a GitHub repository (19) with examples
for how users can interact with the ZEISS ZEN

IntellesisTM segmentation module for their imaging
and analysis suites in ZEISS ZEN (Blue Edition)
and ZEISS ZEN core software package. Figure 1
shows how this is achieved at a high level for a
monolith XRM image.
The segmentation technique in Figure 1 is similar
to the Weka segmentation module in ImageJ (20)
which is available as freeware. Similar capabilities
are also offered by the ilastik software for free
as well (21). An advantage IntellesisTM offers
is increased ease-of-use through presets for all
parameters which is ideal in an industrial setting. A
core strength of segmenting images in the manner
presented in Figure 1 is that the segmentation
model only needs to be trained on one image
before it can be used to predict the pixel labels
in other images taken under similar experimental
conditions (22). In contrast, more sophisticated
deep learning models require a large number of
images that might be difficult to gather and record.
However, a disadvantage of such methods is that
they are very difficult to benchmark and compare
against one another given the lack of a ground
truth measurement for most samples and is out of
the scope of this publication. In these situations,
the segmentation result needs to be judged by an
expert as the ML model is trained on a selection of
pixels within an image chosen by the microscopist.
The microscopist ‘paints’ over various pixels within
the image which are associated to different classes.

Microscopist selects pixels for training using
the inbuilt paint tool in Intellesis™
CPU
Image undergoes an
augmentation routine

GPU

The painted pixels are
‘flattened’ into a vector

1

Values of from each filter for a
painted pixel

Up to the top 3 convolution
layers of the VGGI6
neural network are used to
extract features

Masking, cleaning and
pore segmentation in
Python

1

2

Up to 33 filters are
applied to extract
features from the image

Machine learning
classifier training

Final segmented
image

Classifier applied
to all pixels
in the image

Label assigned by the user by
the use of various colours

Fig. 1. Image segmentation pipeline using machine learning and custom pore masking to segment an XRM
image of a monolith channel
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In this manner, the experience of the microscopist
is leveraged during the labelling process.
The images then undergo a step to extract features
that are of interest. Various filter kernels are used
to extract features from the image. Filter modes
can be chosen between a ‘classical’ mode utilising
the central processing unit (CPU) or a ‘deep feature
extraction’ mode utilising the graphics processing
unit (GPU). In the classical mode, a range of
filters that can extract features such as vertical,
horizontal and boundary information are used. In
total there are 33 filters that are used to augment
the information obtained per pixel before training.
In deep feature extraction mode, sample features
that describe the shape and textures in the image
are extracted from up to the first three layers of a
VGG-19 neural network (23).
After filtering, the painted pixels are concatenated
into a feature vector that is used as an input
to a classifier such as random forest (24) or
XGBoost (25) algorithms. The choice of classifier
can vary depending on the image and performance
desired. For segmentation, random forest classifiers
have been popular in recent years due to their
versatility. Further post processing is undertaken
using conditional random fields to improve the
segmentation results by assigning confidence levels

to pixels in the image for a given label (26). Once
the image has been segmented by IntellesisTM, the
label mask can be post processed by a combination
of Gaussian filtering and binary erosion to create a
mask from which the pores labels can be obtained
by thresholding.
Post training, the model can be exported into a
file format containing information about the model
(training images and labels) and processing steps.
With automation features within ZEN, we applied
our trained model to segment the subsequent
image slices for 3D tomographic reconstruction,
Figure 2. Whilst model training is undertaken
within IntellesisTM, data preprocessing such as
normalisation, dataset rotation and cropping is
performed using in-house Python code.
After initial dataset alignment through rotation
and cropping, the images are normalised with
respect to the centre image using the histogram
matching technique ensuring that all pixels share a
similar intensity distribution range. Normalisation
is a situational preprocessing step to be used in
instances where the intensity within the image
stack varies slice by slice (27). Normalisation
ensures that the segmentation model can
accurately classify pixels with the desired outcome
without systemic errors in classification.

Reference image

Image stack

Training image

Intensity normalisation & histogram matching –
for the entire stack using the reference image

Feature extraction

img1 - reference
img2
img3
img4

Normalised image stack

‘Flatten’ data for ML classification

Component labels
e.g. 1 for catalyst,
2 for substrate

M × N-filter input matrix
M × 1 output matrix

Component predictions
from the model
Classifier applied to the
whole image stack

Classifier

Segmented labels

Catalyst

Substrate

‘Emptiness’

Fig. 2. Image segmentation processing pipeline for 3D tomography data for XRM and FIB image stacks
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An image is selected as a training image usually
from the middle of the stack as the initial input for
the classifier. Starting with ZEN 3.2 (Blue Edition)
and ZEN core 3.1 it is possible to import externally
trained deep learning models created as Python
packages (28) into the IntellesisTM software.
Recently, ZEISS has also provided a repository with
examples of how to perform automated analysis on
GitHub (19). Once the classifier is trained it can be
used to segment the rest of the images within the
stack.
Segmented labels can be used to create 3D
reconstructions of the dataset for further processing.
With such label datasets, it is then possible to
undertake meaningful measurements of a sample
such as percentage composition measurements,
pore and particle size measurements, tortuosity

and use of voxelised data as inputs for gas flow
simulations.

2.3 XRM Data Acquisition and
Processing
The XRM tomography dataset was acquired on a
ZEISS XradiaTM 520 Versa microscope operated at
80 kV acceleration voltage with a pixel size of 4.74 µm
with 20 s dwell time. Data acquisition in the XRM is
carried out by taking multiple 2D transmission images
of an object from different orientations. Once the
acquisition was complete, the data was reconstructed
using inbuilt automatic tomography reconstruction
algorithms within the ZEISS Scout‑and-Scan
software. It is possible to create image slices from
any direction of the sample, Figure 3.

Region of interest (XRM)
Initial view scan (XRM)

200 µm

Tomography -3D image stack
Slice view along x-direction
Distance along x: 469 m

Distance along x: 658 m

Distance along x: 848 m

Distance along y: 507 m

Distance along y: 711 m

Distance along y: 914 m

Distance along z: 1052 m

Distance along z: 1469 m

Distance along z: 1886 m

Distance along x: 1038 m Distance along x: 1227 m

Distance along x: 1417 m

Slice view along y-direction
Distance along y: 1118 m

Distance along y: 1322 m Distance along y: 1526 m

y
Slice view along z-direction

z
x

200μm
m
200

200 μm
m
200

200μm
m
200

Distance along z: 2303 m

200 m
200
μm

Distance along z: 2720 m

Distance along z: 3137 m

200 μm
m
200

200 μm
m
200

Fig. 3. XRM scan showing four channels from a monolith. The slice view directions along x-, y- and
z-directions provide an overview of the washcoat coating along the channel
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An image stack with 994 images was then
segmented along the z-direction using the
proposed image analysis pipeline in Figure 2. At
the XRM length-scale we are able to observe the
monolith’s properties at the macro scale such as
phase volume fractions, pore connectivity, size and
tortuosity which are the key properties that need
to be measured at this scale.
Phase volumes for the monolith sample were
calculated by counting the number of voxels
within the segmented image and calculating the
percentage volume fraction. We note that there
are more accurate approaches for calculating the
volume by triangulating the voxel dataset into
a mesh (29). However, this does not affect the
volume drastically compared to measuring surface
area of the material, which is often overestimated
by the voxel counting approach. Phase distributions
along a selected slice direction throughout the
sample were computed by examining percentage
changes to segmented label stacks. This is useful
for investigating anisotropy of the washcoat
distribution along the monolith channel.
Pore connectivity in a sample is also a parameter
that is often critical in determining gas flow and
bulk transport properties (30). A well-connected
monolith wall pore network ensures that most
active sites are reached as gas travels through the
channel wall. To measure connectivity, a nearest
neighbour detection approach within Python’s
scikit-image library (31) was used where a label
detection kernel is scanned within the image
to assign a label to each pore object within the
segmented image (32). Similar analysis can also
be performed using AvizoTM software but the main
advantage of using open source libraries in Python
is that most of the analysis is incorporated into a
single pipeline without any data conversion, file
read-write and automation bottlenecks.
Provided that the pores are segmented it is also
possible to perform a distance-transform based
morphological sphere fitting to obtain pore sizes.
We have used the definition that a voxel is part
of a pore with a given diameter for a sphere that
can completely fit or be packed within the pore
space (33). Figure 4 shows what the fitting
procedure looks like visually for a synthetically
generated pore structure. The superposition of
all ‘sphere’ maps with a given diameter can be
included in the pore space as equal to the pore
volume they occupy relative to the total volume.
The fitting approach can be further expanded
to emulate mercury porosimetry undertaken in
laboratory tests. This was not investigated within
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Fig. 4. Pore diameter measurements using a
morphological distance transform algorithm to ‘fit’
spheres to pores within a binary segmented image
this paper and will be addressed in a future study.
Alternatively, gas flow through the wall of a
monolith channel can be simulated to understand
gas pathways in more detail. The simulation was
performed using the segmented stereolithography
data meshed at refinement level 5 in snappyHexMesh
processed by OpenFOAM® software.

2.4 FIB-SEM Data Acquisition and
Processing
FIB-SEM tomography was performed using a ZEISS
Crossbeam 550 microscope. ZEISS Atlas 5 software
was used to align XRM and FIB-SEM datasets and
locate the region of interest, which in this case was
focussing on the washcoat (Figure 5). A tomogram
was then collected with a pixel size of 3 nm along
the x- and y-directions, and a 9 nm pixel size along
the z-direction.
One of the milling artefacts often present in
inhomogeneous samples is ‘curtaining’ (34) as
seen in Figure 5. This effect can be noticed as
faint vertical lines on the polished cross-section
due to variations in sputtering rates across the
sample. The curtaining effect severely hampers
any segmentation routine due to uneven intensity
changes in the image. A Fourier filtering routine
followed with a median filter was applied to all the
images to correct for the curtaining effect using a
script coded in Python using a mythology proposed
by Schwartz et al. (35).
It is worth mentioning that an additional
preprocessing step that can also be undertaken is
an intensity anisotropy correction. Often, collected
images exhibit an intensity gradient due to shadowing
of electrons originating from the bottom of the
sample face and the FIB-SEM detector geometry.
For our images we did not observe a major intensity
gradient and did not apply this correction, however
a publication by Tallion et al. (29) provides further
detail on how such a correction can be performed.
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XRM overview scan

FIB overview scan

Region of interest
scans
+
Lamella

25 m
5 m

Curtaining removal
and filtering

Workflow for all image stacks

5 m

5 m

5 m

5 m

Segmentation
Alumina: 24%
Ceria-zirconia: 76%

5 m

Fig. 5. FIB region of interest chosen from the XRM dataset scan using the ZEISS Atlas 5 software. A series
of images from the region of interest were stitched and a curtaining removal filter was applied before
segmentation. The workflow was applied to all the images in the stack

After preprocessing the stack, the images were
segmented using the same pipeline shown in
Figure 2. In the segmented image, the ceriazirconia is shown in pink, the alumina is shown in
green, and all other colours are associated with
the rest of the monolith. Corresponding energy
dispersive X-ray (EDX) mapping was performed to
confirm the elemental composition of the sample.
The pores within the washcoat layer are present at
the nanoscale, they are therefore not well resolved
by the FIB-SEM acquisition parameters used in this
work, where a balance had to be struck between
the total volume analysed and the voxel size
used. Rather than pore tortuosity, an alternative
measurement that can provide insight into
diffusion through the washcoat layer is to quantify
the amount of tortuosity of each phase (36). The
degree of tortuosity can provide an indication of
how easy it is for a gas or liquid to diffuse through
a material (37). It is a property linked to effective
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diffusivity and both electrical and ionic conductivity
through a material (38).
To calculate tortuosity, we have used a definition
based purely on geometric considerations using
a method proposed by Tallion et al. (29). This
approach makes it simpler to calculate the
physical tortuousness within the microstructure.
An advantage of calculating tortuosity this way
means that the calculated values can be easily
compared between different phases as they do
not rely on a material’s diffusivity or conductivity.
We demonstrate how this procedure works using
three synthetically generated model samples
with increasing compression, Figure 6. For
demonstration purposes, the spheres were packed
tighter so that the empty space between where the
gas would flow is more tortuous.
In this approach, tortuosity is calculated as
the ratio of the geodesic distance (39) and
the Euclidean distance. We have calculated
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0% compression
50 x 60 x 50 m

10% compression
50 x 55 x 50 m

20% compression
50 x 52 x 50 m

Direction of gas flow

Fig. 6. Model samples with 0%, 10% and 20% compression applied to make the empty space between the
spheres more tortuous. The 3D hexagon represents the ‘top’ of the sample marking the direction of gas flow

2.5
2.0
1.5
1.0
0.5

Tortuosity

Direction of
gas flow

y

z

x

Fig. 7. A 3D tortuosity map for a model sample
overlaid with the position of model spheres to
geometrically demonstrate how tortuous a path
may be for gas to flow through

the Geodesic distance using the fast-marching
algorithm with the scikit-fmm Python library. The
Euclidean distance was calculated as a straight-line
measurement parallel to the direction of interest.
By taking a ratio of the geodesic and Euclidean
distance maps, we can obtain a 3D tortuosity
map of the material or the pore phase of interest,
Figure 7.
By slicing the 3D tortuosity map, an average
tortuosity profile along a direction of interest can
be obtained, Figure 8. With this demonstration,
it can be seen that calculating the tortuosity
between model samples can provide an effective
measurement that is straightforward to compare
between different samples. Moreover, the tortuosity
line profiles provide more detailed variational
information along the direction of the sample
compared to a global average value for a volume
which is what is often calculated in literature (40).

362

Tortuosity in the ceria-zirconia phase is usually
of interest as it is the pathway gas would take to
reach the sites where the palladium nanoparticles
are located. A portion of the volume in Figure 5
was cropped to calculate the geometric tortuosity
starting from the surface of the washcoat traversing
towards the substrate wall and ending with a
subsequent line profile calculation.

2.5 TEM Data Acquisition and
Processing
Characterisation
of
the
nanoparticles
was
undertaken using the TEM which can atomically
resolve the structure of the particles through
imaging and compositional characterisation. Before
TEM imaging was undertaken, a lamella from the
washcoat region was extracted using the FIB-SEM,
Figure 9. High angle annular dark field (HAADF)
atomic resolution imaging was performed using a
probe-corrected ARM200CF (JEOL, USA) scanning
transmission electron microscope (STEM) operating
at 200 kV.
The column of images on the left in Figure 9
illustrates the lamella preparation by FIB-SEM,
while the image in the middle shows the thinned
region to be imaged with the TEM. Images on
the right show an area with an annular dark field
(ADF) image with its simultaneously acquired
spectroscopic maps. The EDX map in Figure 9 was
taken from an interface area where ceria-zirconia
meets alumina. It is also important to note that
the palladium nanoparticles are detected within the
ceria layer. The palladium particles are the active
ingredient in this case where the catalysis happens.
The structure and size of the nanoparticles is
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10% compression
50 x 50 x 50 m

20% compression
50 x 52 x 50 m

1.08
0% compression
50 x 60 x 50 m

Tortuosity

1.06

1.04

c:0% tortuosity
c:0% mean tortuosity (1.03)

1.02

c:10% tortuosity
c:10% mean tortuosity (1.04)
c:20% tortuosity
c:20% mean tortuosity (1.05)

1.00
0

0.2
0.4
0.6
0.8
Distance through volume (normalised)

1.0

Fig. 8. Tortuosity line profiles for the empty space between the spheres along the direction of gas flow in
model samples with varying compression

(a)

(b)

50.0 nm

(c)

1.0 m

50.0 nm

Fig. 9. (a) FIB based TEM lamella extracted using
in situ lift out technique, the sample was imaged
at: (b) different magnifications; and (c) various
elements were mapped using the EDX detector
(green = alumina, magenta = cerium, blue =
palladium)

important as it determines the surface area
available for catalysts and was imaged using the
TEM.
Here we have carried out some high resolution,
aberration corrected imaging of the FIB slice,
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specifically, the ceria-zirconia component. This
component is a very important part of this catalyst
structure in determining the oxygen available for
catalysis to progress. This component acts as an
oxygen regulator within the structure (41). It is
important that its structure and composition are
uniform.
We also attempted to record a series of images
with increasing magnification from the cerium
region of the sample, however performing
simultaneous spectroscopic acquisition proved
to be challenging. As this part of the study was
to demonstrate a proof of concept that it is
possible to obtain atomic resolution imaging with
spectroscopy, we performed spectroscopy on
a similar ceria sample. In the future we will be
exploring this aspect further to bridge this length
scale correlatively. After sufficiently zooming into
the sample, elemental mapping was performed by
electron energy loss spectroscopy (EELS) spectrum
imaging (SI) using a GIF Quantum® ER 965 model
spectrometer. To produce the elemental maps from
the EELS-SIs, power-law background stripping was
applied and Hartree Slater cross-sections (42, 43)
were employed for fitting zirconium M edge, cerium
M edge and oxygen K edge.
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3. Results and Discussion
For a correlative through the length-scale study, the
sample was first analysed using the XRM, then the
FIB-SEM and finally the TEM. Each technique has
its advantages and disadvantages. In the simplest
case, the field of view that can be observed by
each instrument is inversely proportional to the
resolution that can be achieved. For instance, at
the atomic scale only a few nanoparticles can be
observed in detail for a given field of view, whereas
at the meso scale, several nanoparticles can be
observed but with less resolution.
XRM can provide the macro scale measurements
such as washcoat morphology and large pore size
distributions. One of the key parameters of interest
is the anisotropy and the average composition of
washcoat, substrate and pore characterisation of
the wall, Figure 10. A uniform washcoat, pore
and substrate distribution can be observed along
the channel indicating good control over process
engineering. Consistent and precise coverage
means that the performance can be finely controlled
by changing the washcoat coverage methodology.
When such a workflow is aided with iterative
testing, rapid analysis processing pipelines and
simulations, the process engineering can be fine
tuned to develop rational GPF design at the device
level.
Coverage information is not sufficient if one wants
to understand the flow of gas through a monolith
channel. A qualitative approach that can be used
is visualising the connectivity in 3D for a material
or pore. Volumes of the newly assigned pore
labels relative to the total pore volume provide a

representation of how well connected the pores are
within a monolith wall. Isolated pores are identified
by label segments that are not connected to the
larger pores, ranked by overall volume fraction.
When this technique is applied in 3D, it is possible
to visualise the pore connectivity of a monolith wall
in a straightforward manner, Figure 11 visualised
by AvizoTM software.
For a more quantitative measurement, the
labelled pore regions in Figure 11 can be ranked
by volume as a function of the total pore volume
and be interpreted as a measure of connectivity.
Figure 12 shows the top 10 labelled regions of
the pore volume as a function of percentage
connectivity. There are four dominant connected
regions within this channel that make up more
than 60% of the pore space.
For any XRM measurement, we are only able
to measure the macro scale pores and therefore
the connectivity within the sample may be higher
than reported. To measure the range of pores that
we can observe a sphere fitting routine was used
indicating a minimum pore diameter of 9.48 µm and
a mean pore diameter of 29.06 µm, Figure 13. The
primary y-axis of the plot provides the likelihood of
a pore existing within the pore volume space given
all the measured diameters. The secondary y-axis
provides the cumulative percentage a pore is either
greater than or smaller than a given pore diameter
represented by the black dashed lines. We can
observe that ~30% of the pores are greater than
the average pore diameter. In this instance we
were not able to verify the measured pore sizes
through other means such as mercury porosimetry
for this sample as we mostly concentrated on
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Fig. 10. Composition
characterisation along
a monolith channel.
The line profiles in the
line plot are colour
coded with the same
colours as the pie
chart. The pie chart
provides the total
volume of the various
phases within the 3D
scan, whereas the line
profiles provide the
coverage information of
each image slice along
the z-direction shown
in Figure 3
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Fig. 12. Top 10 pore labels ranked as percentage
connectivity derived from the total pore volume
within the monolith

Fig. 11. Pore regions segmented and labelled from
a selected region of a GPF monolith. The coloured
labels represent the pore regions and their label
assignments. The catalyst coating is shown in
cyan, and the substrate is shown in pink

demonstrating the 3D analysis workflow. For a
more rigorous analysis and experiment design, one
should measure the pore sizes through physical
measurements and tune the XRM resolution
appropriately to image most of the pores within
the monolith.
Given the resolution limitation of the XRM, we are
mostly interested in how gas would flow through
the wall of a monolith and identify the major
flow pathways that affect the performance of the
GPF. Simulated streamlines of the gas velocity
vector magnitude U provide good qualitative
information of the major pathways that a gas
would flow through, Figure 14. However, we
are computationally limited by the number of
streamlines we can visualise within a 3D structure.
In principle it is possible to visualise all streamlines
within a structure, but the visualisation depends
highly on the mesh refinement and XRM resolution.
Most of the gas flow is determined by the
macropores within the monolith where the flow is
proportional to the pore size. For example, in the
case of a cylinder, the flow in pores is proportional
to pore size to the power 4 and can be related
to the pressure drop using the Hagen-Poiseuille
equation (44). However, in some instances pore
blocking and narrowing that is missed by the XRM
resolution can affect interpretations of what we
measure. In situations like these, we must image
the sample using higher resolution X-ray beamline
tomography or FIB-SEM.
Studying the gas flow within the microstructure
in detail requires the inclusion of micro- and
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mesopores, which is difficult to achieve using our
XRM. To characterise this in detail one would have
to resample the 3D XRM dataset and incorporate
the micropores from the FIB-SEM. With this
limitation in mind, we determined that further work
is necessary to link gas flow simulations to pressure
drop and performance of a monolith. To incorporate
submicron pores, we would need to characterise
submicron porosity using the FIB‑SEM, create a
statistical twin of the washcoat and texturise it
over the XRM dataset. This is currently outside the
scope of this publication and will be looked at in
the future.
Alternatively, as a result of the segmented
FIB‑SEM images it is possible to do a phase
analysis of the washcoat region. We can analyse
this set further after the reconstruction to reveal
the material content for each of the phases within
the structure. This reconstruction is shown in
Figure 15 together with EDX maps recorded
while the sample was being taken through the
FIB tomography routine using the ZEISS Atlas 5
software. EDX maps in a FIB-SEM are useful for
confirming the elemental composition of various
components, but compositional mapping often
comes with limited spatial resolution due to large
interaction volumes between the electron beam
and the SEM sample.
The best way to distinguish the various
components in 3D remains through backscattered
images once the intensities of components have
been indexed to specific phases by EDX maps.
In this sample, it was possible to map the ceriazirconia and alumina components to specific
greyscale ranges, and therefore these phases can
be thresholded using the backscattered intensity
which has much higher spatial resolution. Following
this method, the research grade GPF sample was
calculated to have a 76% ceria-zirconia and a 24%
alumina composition. Experimentally, the sample
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Fig. 14. Gas flow simulation for a selected area of monolith wall (green rectangle) where the colour coded
streamlines present the magnitude of the velocity vector U along x-, y- and z-directions in metres per second

was synthetised with a 75% ceria-zirconia and
25% alumina loading which is in good agreement
with the observed measurement from the FIB-SEM
dataset and provides confidence that the subregion
analysed comprises a representative volume.
Furthermore, 3D visualisation of the segmented
dataset (Figure 14) reveals that the alumina phase
(green) is mostly present as disconnected islands.
Since we are interested in understanding gas
diffusion within the washcoat, we measured the
tortuosity of the ceria-zirconia phase, which is
both the major component of the washcoat and
the material with higher porosity. Calculating the
geometric tortuosity, Figure 16, of the ceriazirconia phase can provide an indication of the
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diffusion pathways a gas could traverse within the
sample. Our calculations show that the average
tortuosity is close to 1 indicating that the alumina
dispersion within the sample does not hinder the
gas pathways drastically and that the ceria-zirconia
phase is well connected for this sample. For further
analysis one would have to segment the pores at
a much higher resolution, possibly requiring TEM
tomography.
Ultimately to study the performance of the
catalyst loaded within the washcoat, we need to
study the atomic structure and its uniformity. This
analysis is only useful if it is investigated as part of
a bigger structure. In order to do imaging at atomic
resolution the quality of the sample is paramount.
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Fig. 15. 3D reconstruction and visualisation of the subset of the alumina phase viewed from two different
directions. The images on the right show the segmented overlay and the subsequent EDX map from a slice
taken after milling the sample
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Fig. 16. Tortuosity profile of the ceria-zirconia
phase of the washcoat through the sample starting
from the surface of the washcoat

Figure 17 conceptually demonstrates this
by combining these images with increasing
magnification
illustrating
the
image
and
spectroscopic acquisition process for ceria-zirconia
particles of 10–20 nm size. The EELS maps for
cerium, zirconium and oxygen are also shown below
the atomic resolution image. For such samples,
the ceria-zirconia component is a very important
part of the catalyst structure in determining the
oxygen available for catalysis to progress. This
component acts as an oxygen regulator within the
structure (41). It is important that the structure
and composition are uniform.

4. Conclusions
The FIB preparation needs to restrict the amount
of amorphous layer caused by FIB preparation and
minimise the effect the resin embedding process
would have on the imaging.
Here we have carried out some high-resolution
imaging of the FIB slice, specifically, the ceriazirconia component along with a series of
atomic resolution images from a similar sample
as mentioned in the previous section, without
resin embedding. For the experiment, the high
magnification imaging was performed on the same
sample, however atomic resolution imaging with
spectroscopy was performed on a similar sample.
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At Johnson Matthey we are interested in
understanding how our devices function at all
length scales in order to understand the material
properties that drive the performance of our
materials. We show here how a sample can be
decomposed at the macro and meso scales using
XRM, FIB-SEM and TEM. Properties such as coating
uniformity, location and pore network distribution
can be determined with XRM. The strength of
FIB‑SEM lies in observing the smaller features
within the washcoat which are often missed by
the resolution limit of the XRM. TEM provides
information about the atomic structure of the
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Fig. 17. High magnification snapshot of the FIB sample conceptually demonstrating increasing magnification
up to atomically resolved cerium-zirconium columns with simultaneous EELS mapping. Here the highresolution images are from the same sample, but the atomic resolution imaging and spectroscopy are from a
similar sample

catalyst coupled with simultaneous spectroscopic
information with chemical and oxidation state
mapping.
Where possible we have automated the analysis
pipeline with a combination of state of the art
proprietary, open source and in-house technologies.
Integrated pipelines where we can characterise
GPF filters correlatively with modelling provides a
systematic approach to build understanding of our
materials at scale. In the long term such ensemble
approaches allow the building of statistically
meaningful datasets for product development in
the future.
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