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Abstract Particle size measurements of cellulose
nanocrystals (CNCs) are challenging due to their
broad size distribution, irregular shape and propensity
to agglomerate. Particle size is one of the key
parameters that must be measured for quality control
purposes and to differentiate materials with different
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properties. We report the results of an interlaboratory
comparison (ILC) which examined atomic force
microscopy (AFM) data acquisition and data analysis
protocols. Samples of CNCs deposited on poly-L-
lysine coated mica were prepared in the pilot labora-
tory and sent to 10 participating laboratories including
academic, government and industrial organizations
with varying levels of experience with imaging CNCs.
The participant data sets indicated that the central
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location, width and asymmetry varied considerably for
both length and height distributions. To deal with this
variability we used a skew normal distribution to
model the data from each laboratory and to obtain the
consensus distribution that describes the CNC particle
size. The skew normal distribution has 3 parameters: a
central location (mean), distribution width (standard
deviation) and asymmetry (shape) factor. This
approach gave consensus distributions with mean,
standard deviation and asymmetry factor of 94.9 nm,
37.3 nm and 6.0 for length and 3.4 nm, 1.2 nm and 2.8
for height, respectively. The use of multiple probes
and/or deterioration of the probe with increased use
are significant contributing factors to the variability in
mean length between laboratories. There is less
variability in height across participating laboratories
and tests of applied imaging force indicate that it is
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possible to image without significant compression of
the CNCs. The number of CNCs necessary to obtain a
reliable data set depends on the probes and operating
conditions, but with careful control of various param-
eters analysis of 250 and 300 CNCs should provide
consistent data sets for height and length, respectively
for one sample. Comparison of AFM with transmis-
sion electron microscopy (TEM) data obtained in the
same ILC demonstrated excellent agreement between
measured lengths for the 2 methods. By contrast AFM
height was approximately one half the TEM width, a
result that indicates the presence of a significant
number of laterally agglomerated particles, consistent
with literature data.
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Introduction

Cellulose nanocrystals (CNCs) are a family of
emerging nanomaterials that are attracting consider-
able attention for applications such as additives for
nanocomposites, thin films, rheology modifiers, and
biomedical products (Shatkin et al. 2014; Grishkewich
et al. 2017; Mondal 2017; Mokhena and John 2020).
CNCs are derived from cellulose, the world’s most
abundant biopolymer, and are produced from a
number of biomass sources including wood pulp,
plants, bacterial cellulose and marine organisms
(Klemm et al. 2011; Moon et al. 2011). Their large
scale production from a renewable resource, novel
properties, and anticipated minimal toxicity make
them an attractive candidate for applications, some of
which are nearing commercial success. CNCs are
nanorods with a typical aspect ratio of > 15 (for wood
pulp CNCs), high crystalline cellulose content and
mechanical strength, and a low coefficient of thermal
expansion (Klemm et al. 2011; Moon et al. 2011; Reid
et al. 2017). Most CNC production methods generate
negatively charged groups on the particle surface,
providing colloidally stable dispersions and sites for
further functionalization (Mondal 2017). Develop-
ment of applications for this novel nanomaterial
requires reliable characterization protocols that can
be used for quality control purposes and to ensure
reproducible production of the material from different
biomass sources. Validated characterization methods
and reference materials are equally important for
studies aimed at ensuring the safe use of these
materials (Shatkin and Kim 2015).

Particle size and shape, crystallinity and surface
functional group identity and density are some of the
key properties that must be assessed for CNCs.
Particle size distributions are of particular interest,
not only for quality control during production, but also
because the CNC size distribution and polydispersity
have large effects on sample viscosity and CNC self-
assembly processes (Schiitz et al. 2018). The irregular
rod-shaped structure of CNCs coupled with their broad
size distributions and strong tendency to agglomerate

make particle size measurements by microscopy a
challenging endeavour (Jakubek et al. 2018). This is in
contrast to well-behaved, approximately spherical
gold and silica nanoparticles that typically have
monomodal size distributions. Both transmission
electron microscopy (TEM) and atomic force micro-
scopy (AFM) have been widely employed for particle
size measurements by the CNC community, although
a standard approach for sample preparation, imaging
and image analysis is currently lacking (Moon et al.
2014; Kaushik et al. 2015; Foster et al. 2018; Stinson-
Bagby et al. 2018; Ogawa and Putaux 2019).

Atomic force microscopy has some advantages
over TEM for measuring CNC size distributions. The
contrast between particles and background is gener-
ally higher for AFM and the sample preparation is
simpler than for TEM which typically requires ultra-
high vacuum and a second staining step that may
introduce additional particle agglomeration (Kaushik
et al. 2015). Furthermore, AFM is compatible with
measurement of the mechanical properties of the
material which is advantageous for some studies
(Lahiji et al. 2010). These advantages are somewhat
offset by the generally longer data acquisition times
for AFM, although this limitation can in principle be
addressed by state-of-the-art fast scan instruments.
Another factor to take into account is that AFM and
TEM provide two different measures of the particle
cross-section; TEM provides particle width while
AFM is typically used to measure particle height. Very
few studies have used both AFM and TEM to
characterize the same CNC samples (Elazzouzi-
Hafraoui et al. 2008; Postek et al. 2011; Brito et al.
2012; Brinkmann et al. 2016; Meng et al. 2017;
Korolovych et al. 2018) and there are few direct
comparisons of the 2 methods. Note that one expects
the 2 methods to give comparable cross-section values
if the particles are symmetric and agglomeration or
surface-induced deformation (Mattos et al. 2019) is
minimized. However, the AFM height and TEM width
will be different if the particles are asymmetric or
laterally agglomerated, as reported previously (Brink-
mann et al. 2016; Jakubek et al. 2018). Assuming that
the 2 methods measure a similar length, different
cross-sectional dimensions will lead to different
aspect ratios, an important consideration for some
applications (Schiitz et al. 2018).

There are relatively few examples of AFM protocol
validation using round robin or ILC comparisons.
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Notable examples include the characterization of a
bimodal silica reference material and 2 ILCs that
examined gold, silver, silica and polystyrene nanopar-
ticles (Meli et al. 2012; Kestens et al. 2016; Lin et al.
2019). In 2 of these studies AFM and electron
microscopy (EM) were used by multiple labs and the
results were compared to those obtained using other
particle sizing methods. Two other studies evaluated
methods of assessing uncertainty in AFM measure-
ments and compared AFM and EM measurements of
spherical nanoparticles in the same laboratory (Del-
vallée et al. 2015; Delvallee et al. 2016). By contrast
many studies have explored the validation of TEM
protocols for various nanomaterials, including tita-
nium dioxide, gold nanorods and carbon black, which
are all more challenging samples than spherical silica
or metal nanomaterials (Grulke et al. 2017, 2018a, b).

We report here the AFM results from an interlab-
oratory comparison (ILC) conducted under the aus-
pices of the Versailles Project on Advanced Materials
and Standards (VAMAS) Technical Working Area 34
(Nanoparticle Populations). The ILC objective was to
assess the performance of protocols for AFM and
TEM imaging and subsequent particle size analysis of
CNCs. The ILC used a National Research Council of
Canada (NRC) reference material, CNCD-1 (http://
www.nrc.ca/crm), with samples prepared by the pilot
laboratory in order to reduce the impact of sample
preparation and focus specifically on instrument
operating conditions and image analysis. TEM results
have been published separately (Meija et al. 2020); the
combined AFM and TEM results will provide the pre-
normative data necessary for an ISO/TC 229 (Nan-
otechnologies) technical specification (TS 23,151) on
microscopy particle size measurements for CNCs.
CNC particle size measurements were provided by 10
participating laboratories. The data were modelled as
skew normal distributions which have 3 parameters:
the mean (a measure of central tendency), the standard
deviation (a measure of the spread of the distribution)
and a shape factor that accounts for variable degrees of
asymmetry in individual data sets. Final consensus
values were obtained by modelling the variation
between laboratories using a skew normal distribution
and overlap index plots are used to assess the simi-
larity of data sets.

@ Springer

Experimental
Sample preparation

An NRC certified cellulose nanocrystal reference
material, CNCD-1, was used for sample preparation
(http://www.nrc.ca/crm). This material was produced
by hydrolysis of softwood pulp, followed by neutral-
ization with NaOH, yielding CNCs with sulfate half
ester groups on their surface, and has been thoroughly
characterized (Jakubek et al. 2018; Johnston et al.
2018). Dry CNC was dispersed by probe sonication to
give a 2% by mass suspension, as outlined in the
papers describing the characterization of CNCD-1;
full details are provided in the Experimental Section of
the Supplementary Information. Samples for ILC
participants were prepared on several days over a
3 week period to ensure that each laboratory received
the sample at a pre-arranged (convenient) date. One
sample from each day was checked via AFM imaging
prior to sending the samples to participants. Samples
were attached to adhesive pads in the sample boxes
and sealed in a nitrogen glove box prior to shipping.
Internal testing showed no observable change in AFM
image quality over 5 weeks.

Participating laboratories

The participating institutions were from Asia, Aus-
tralia, Europe and North America and included 3
universities, 6 government laboratories, 4 of which are
national metrology institutes, and 1 industrial labora-
tory. Not all laboratories had prior experience with
imaging CNCs. Two samples of CNCs on poly-L-
lysine (PLL, Sigma-Aldrich) coated mica were sent to
each participant; the second sample was a backup in
case of issues with sample 1. Participants were asked
to image the samples within 2 weeks of receipt.

Image acquisition protocol

Participants were requested to dimensionally calibrate
the AFM prior to imaging according to the manufac-
turer’s recommendations or the laboratory’s standard
practice, unless the instrument use and calibration
records indicated that the previous calibration was still
valid. Intermittent contact mode imaging was recom-
mended. Several large scale images were to be
recorded to verify sample quality before recording a
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series of 1 um x 1 um (or smaller) images with a
minimum resolution of 512 x 512 pixels (to ensure a
pixel size of ~2 nm) and scan rates < 1 Hz. Partic-
ipants were instructed to verify that the applied
imaging force was the minimum that allowed for
stable imaging by measuring the CNC height as a
function of applied imaging force (as controlled by the
cantilever amplitude feedback setpoint) for one or
more images (Jakubek et al. 2018). Probe selection
(resonance frequency, spring constant, tip geometry
and dimensions) was left to the participant’s discretion
and the protocol noted that multiple probes would
typically be required. Images were to be acquired from
multiple regions close to the centre of the substrate,
avoiding areas previously imaged; a sufficient number
of images to analyze a minimum of 500 single
particles was requested.

Image analysis protocol and data analysis

The protocol provided an example of image analysis
using Gwyddion (free, open-source software, version
2.52 recommended); however, participants had an
option to use the software of their choice as long as the
same guidelines for image flattening and particle
selection were used. The Gwyddion protocol draws
line profiles through the long axis of the particle for all
individual CNCs in each image. The line profiles are
used to determine the height and length for each
particle; see Fig. S1 and further details on selection of
individual CNCs in the Supplementary Information
(Jakubek et al. 2018). This procedure reduces data
analysis time relative to one-at-a-time manual mea-
surement of CNC profiles to extract length and height
data. The significant level of aggregation makes it
impractical to use an automated analysis approach.
Participants were requested to return the original
image files, the corresponding files with analyzed
particles numbered and the completed Excel template.
The Excel template contained length, height and
aspect ratio data, image acquisition and analysis
parameters and histograms for each measurand.

Data sets from each laboratory were reviewed and
descriptive statistics were evaluated using Origin Pro
2019. Origin was also used to test for fits of the data to
various distribution models and for statistical com-
parison of data sets using the non-parametric two-
sample Kolmogorov—Smirnov (K-S) test (signifi-
cance level 0.05). More complex data analysis and

visualization was performed in R (a free, open source
software environment for statistical computing and
graphics) whereas hierarchical skew normal model
fitting was performed using Markov Chain Monte
Carlo methods using STAN (a probabilistic program-
ming language for statistical inference written in
C + +). The overlap index used to compare particle
size distributions was calculated by integrating the
areas under curves using the standard numerical
facilities of R. In all cases fitting was done using the
full data set, not the binned data shown in the
histograms.

Results and discussion
Tests of image analysis protocols

The first phase of the ILC focused on testing the
previously reported Gwyddion image analysis method
developed for characterization of the NRC certified
reference material, CNCD-1 (Jakubek et al. 2018). Six
AFM images were sent to 3 participants for analysis
using Gwyddion. The selected images were a subset of
those collected for 1 sample of CNCD-1 by the pilot
laboratory. The returned data sets and the original
CNCD-1 data for the same images from 2 analysts are
summarized in Table S1 and as box plots in Fig. S2.
Despite differences of up to a factor of 2 in the number
of individual CNCs analyzed (which varies from 87 to
198), the data sets give similar mean and median
values for both length and height. The standard
deviation of the length distribution varies by approx-
imately 20% across the 4 data sets. Two sample K-S
analysis of the data sets indicated that only 1 of the 6
possible pairs had significantly different distributions
for length and none were significantly different for
height. Based on these results, it was concluded that
the Gwyddion protocol was adequate for analysis of
CNC size, and thus was used for the second phase of
the ILC.

Initial survey of AFM results

Results for AFM imaging and analysis of CNCs were
submitted from 10 participating laboratories; each
participant submitted raw data (images), processed
images with analyzed particles numbered, tables of
length and height for each particle analyzed,
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histograms and a table summarizing instrument oper-
ating parameters, and data processing and analysis.
The instruments, operating parameters, dimensional
calibration information, AFM probe properties, anal-
ysis software and number of particles analyzed for
each laboratory are summarized in Table S2. Instru-
ments from 4 manufacturers were used, all were
operated in intermittent contact mode and calibration
information was provided (Table S2). One laboratory
used a semi-automated data acquisition mode. With
one exception 1 pm x 1 pm images with 512 x 512
pixels were analyzed; one laboratory (AS5) imaged at
higher resolution with 1024 x 1024 pixels. The
number of CNCs analyzed was lower than the
recommended value of 500 for 4 labs, with the
remaining laboratories analyzing between 500 and
620 CNCs. Time required was reported as the limiting
factor for the number of CNCs imaged. Probes were
purchased from a range of manufacturers and had
nominal spring constants between 0.4 and 42 N/m,
resonance frequencies from 70 to 400 kHz and
nominal probe radii between 2 and 10 nm. Multiple
probes were used by 6 laboratories. Images were
analyzed using the Gwyddion protocol provided to the
participants with 2 exceptions (Table S2); the latter
laboratories used Nanoscope and open source software
(FiberApp) (Usov and Mezzenga 2015). One labora-
tory used a Matlab routine for height and length
measurements from the CNC profiles generated in
Gwyddion. Tests of the applied imaging force were
provided by 7 laboratories; a representative example is
shown in Fig. S3. The use of instruments from 4
different manufacturers and AFM probes with a wide
range of properties effectively covers the typical range
of conditions that are likely to be employed by many
laboratories.

Representative images from 2 laboratories are
shown in Fig. | to illustrate the image quality and
the typical level of CNC dispersion. Note the signif-
icant number of touching or clustered particles in the
images, despite the relatively low CNC density and
efforts to optimize the dispersion. Box plots of the
length and height data for each laboratory are shown in
Fig. 2 and individual histograms for length, height and
aspect ratio for each laboratory are provided in Fig. S4,
S5 and S6, respectively. In several cases examination
of the box plots indicated that apparent outliers may
have been errors in reported data; this was verified by
examining the processed image files and consulting
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with the participant on the removal or correction of the
data point(s).

The results in Fig. 2, S4 and S5 show qualitatively
that the maximum position, shape, width and asym-
metry of the distributions vary considerably for the 10
laboratories. This variability is also illustrated by the
plots shown in Fig. S7, which provide a simple
graphical display of the range that covers 10-90% of
the data for each laboratory. The variability between
laboratories is larger for length than for height.
Challenges with selection of individual particles are
likely to contribute to this variability. For example, the
features marked with arrows in Fig. 1 and Fig. Sl
indicate multiple aggregated particles; however, some
of these features might be analyzed as individual
particles in some cases, depending on the analyst bias
and the image quality. In some cases the individual
particles have slightly tapered ends which may also
make the analysis more challenging. Note that the ten
data sets contain variable numbers of particles with
length > 200 nm (Fig. 2), although these do not have
a large impact on either mean or median.

Effect of AFM probes and number of analyzed
particles

Six laboratories used multiple AFM probes for
imaging, although one did not record the probe used
for specific images. In order to evaluate the effect of
using multiple probes, presumably with different
spring constants and tip radii, we initially examined
the data obtained with multiple AFM probes in 4
laboratories. Two sample K-S tests were used to
evaluate whether the data sets obtained with different
probes in each laboratory were the same or different
without an assumption of the distribution model. The
results for the comparison of length and height data
obtained with various tips, including the number of
CNCs per data set, are summarized in Tables S3 and
S4. This comparison indicates that the use of multiple
AFM probes had relatively minor effects on the
measured height for a specific laboratory since the K-
S tests showed no significant difference in data sets.
By contrast, 7 of the 19 possible pairs of data sets for
length have distributions that are significantly differ-
ent using the K-S test. This observation could be due
to tip-particle convolution effects, the magnitude of
which will change with the tip radius and geometry.
However, it should be noted that the nominal tip radius



Cellulose (2021) 28:1387-1403

1393

0.0 um 02 0.4 06 08

350

300

.o

2504 o

200

100 I I l

50 TS

omre o0 o
W e o
o
"
-

Length (nm
&
1

0 T T T T

T T T T T T
Al A2 A3 A4 A5 A6 A7 A8 A9 A10

Fig. 2 Box plots for length and height data from each
participating laboratory. The bottom and top of the colored
boxes represent the 25th and 75th percentiles; the mean and

is similar (Table S1, 7-10 nm) for the probes used in
the 4 laboratories and it is likely that the tip may
change relatively rapidly during initial imaging due to
either contamination or wear. An alternative possibil-
ity is that the relatively limited statistics for some of
the probe-specific data sets (N =60 to N =221)
contribute to variations in length with different probes.
However, this does not appear to be the case for
laboratory A7 (Table S4) since only 20% of the length
pairs are different, even though the number of CNCs
analyzed is lower than in the data sets for the other 3
laboratories.
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median are shown as a square and solid line, respectively; the
vertical bars are 1.5 times the interquartile range, with points
that fall outside this range shown as filled diamonds

The variability in particle size as a function of the
number of probes used and the number of particles
analyzed was examined in more detail by plotting the
cumulative mean length and height for each AFM
probe as a function of the number of particles
analyzed. Representative results are shown in Fig. 3
for length data from 4 laboratories; length and height
plots for all laboratories are shown in Fig. S8-11.
There are several interesting observations that arise
from this data. First, the mean length for different
probes used by a single laboratory varies significantly
in some cases (probe 2 for Al and probe 1 for A2,
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Fig. 3); in other cases probes behave similarly (probes
1 and 3 for Al and probes 2 and 3 for A2). The mean
length systematically decreases as more CNCs are
imaged for some probes (probe 2 for Al and probe 1
for A2). The second observation from Fig. 3 and
Fig. S9 is that the use of a single probe leads to a
systematic increase over time of up to 15 nm in the
measured length for some data sets (A5 and A9) as
more images are collected. This is indicative of wear
or contamination of the probe with longer use.
However, data sets A3 and A10 showed more random
variations in mean as the number of images increased
and the fluctuations covered a smaller range (~ 6 nm
and ~ 3 nm, respectively, Fig. 3 and S9). Both these
laboratories used a low spring constant probe (nom-
inally < 1.5 N/m) which may contribute to less wear
and contamination of the probe.

The variability in height data when multiple probes
are used by a single laboratory is less pronounced than
that observed for length, although the trends are
qualitatively similar (Fig. S10). This is consistent with
the results of the K-S tests shown in Table S3, which
indicate that the distributions for height are not
significantly different. The data sets that were obtained
with a single probe are consistent with systematic
evolution of the probe properties (Fig. S11) with
height values changing by 0.25-0.4 nm during image
collection. However, as noted above, this does not
typically lead to data sets that are significantly
different based on a K-S test.

The cumulative plots shown in Fig. 3 and S8-S11
provide interesting information on differences
between probes and evolution of the probe as a
function of the number of images. The variations
between probes may reflect differences in spring
constant and tip size and shape. In principle this could
be addressed by calibration of the cantilever spring
constant and tip geometry and radius for each probe.
Since the tip is likely to change due to either
contamination or wear, in situ assessment with an
internal calibration standard may be necessary to
assess the tip size. Nevertheless, this would be a time-
consuming task that is incompatible with routine
measurements. The evolution of probe properties as a
function of the number of images is particularly clear
in some cases where a single probe was used to collect
all images; some probes used to collect smaller data
sets also show this effect. This makes it difficult to
provide guidelines on the number of probes that are
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required, which will be a function of the probe and
instrument operating conditions. In fact, monitoring
CNC size on a per image basis during data collection
may be necessary, at least until the laboratory has
established appropriate conditions for minimizing and
identifying changes in probe properties. The results
also indicate that use of more compliant cantilevers for
soft tapping avoids some of the issues of probe
evolution during imaging. The variation between
probes and the change in probe properties make it
challenging to identify an optimal number of CNCs to
achieve a statistically reliable result. However, the
results indicate that with careful control of imaging
conditions and attention to potential deterioration of
the tip, it should be possible to achieve a repeatable re-
sult with fewer than 500 CNCs, approximately 300
CNC:s for length or 200-250 CNCs if only height is
required. Previously reported AFM studies provide
different values for the number of particles required to
generate statistically meaningful data sets. Most of
these studies imaged spherical nanoparticles with
relatively narrow size distributions and, therefore,
may not be relevant to polydisperse rod-shaped CNCs
(Meli et al. 2012; Delvallee et al. 2016; Lin et al.
2019).

Particle size distributions

Statistical modeling of interlaboratory results requires
the selection of an appropriate probability function to
describe the data. To date most CNC microscopy size
measurements have reported data as histograms with
the calculated mean and the standard deviation as a
measure of the distribution width (Beck-Candanedo
et al. 2005), making the implicit assumption that the
distributions follow a normal model. In several cases,
CNC size data have been fitted to a lognormal
distribution, which is frequently recommended for
nanoparticle size distributions (Kiss et al. 1999;
Elazzouzi-Hafraoui et al. 2008; Postek et al. 2011;
Usov et al. 2015; Schiitz et al. 2018). Recent ILC
studies of other nano-objects have tested a variety of
distribution models in an attempt to better represent
the overall central location and breadth/shape of the
distributions. These studies have investigated TEM
data for particles with irregular shapes and high
polydispersity such as gold nanorods, titanium dioxide
and carbon black as well as electron microscopy and
ICP-MS data for spherical particles (Montoro Bustos
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due to differences in the length range covered by the various
data sets

the goodness of fit. Several distributions produced
reasonable fits for the TEM data sets, the simplest of
which are the lognormal and skew normal distribu-
tions. Based on the quality of fit to these 2 distributions
for all 20 data sets, the skew normal distribution was
selected for analysis of CNC size data since it fits the
data very well and is relatively simple (3 parameters)
and flexible (compatible with both positive and
negative skew). This distribution has 3 parameters
that measure central location (mean), scale (distribu-
tion width assessed as standard deviation) and a shape
factor, o; the additional shape factor allows for either
positive or negative skew in the particle size
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distribution and should not be confused with the
particle shape. By contrast to the lognormal distribu-
tion, skew normal has the advantage of becoming a
normal distribution for data sets with no asymmetry.
Therefore, the skew normal distribution is a suit-
able model for data sets that follow either normal or
lognormal distributions, as well as those with a degree
of asymmetry that is incompatible with either of the
simpler distributions.

To facilitate comparison with the TEM results we
employed a similar approach for analysis of the AFM
data sets. As an example, Fig. S12 shows log-log
cumulative probability plots for Al length and height
data along with fits to several different distributions.
The skew normal distribution provides a better fit than
the other three models for length data sets, and there
are only minor differences between the various models
for height. Fits to a skew normal distribution for AFM
length and height are shown for several representative
data sets in Fig. 4; the data sets were chosen to
illustrate the variability in the distribution widths and
asymmetries (as measured by the shape factor, o). The
skew normal fits for all ten data sets for length, height
and aspect ratio are shown in Fig. S4, S5 and S6,
respectively, along with histograms for each data set.
Table 1 summarizes mean, scale, and shape factors for
length, height, and aspect ratio for each laboratory.

Consensus distributions, parameters,
and uncertainty

The consensus distributions for the fitted parameters
(Fig. 5) were obtained using the approach imple-
mented in the TEM study in which all results were
pooled together, an approach that makes the fewest
number of assumptions (Meija et al. 2020). The
statistical model is similar to the approach used by
Montoro Bustos (Montoro Bustos et al. 2015), but with
the use of skew normal distributions, rather than
mixtures of Gaussian distributions, to model the
individual data sets. This appears to be a reasonable
choice since, as noted above, the skew normal
distribution is appropriate for data sets that fit normal
and lognormal distributions, as well as those with
significant degrees of asymmetry. The skew normal
consensus distribution was obtained by pooling the
skew normal distributions for the individual laboratory
results. An equal number of random samples
(N = 1000) was drawn from each of the skew normal
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distributions and placed into the pool. In summary, the
statistical model for the entire ILC study (for each
measurand) is summarized by 3 parameters for the
data from each laboratory as well as 3 additional
parameters that describe the distribution of consensus
values: the grand mean, scale, and shape.

The individual particle size distributions for the 10
laboratories for each of the 3 AFM measurands
(height, length and aspect ratio) are shown in Fig. 5
and compared to the consensus distribution obtained
using the above approach. The final consensus data for
length, width, and aspect ratio with their associated
uncertainties are summarized in Table 1; the uncer-
tainties are obtained by fitting to the skew normal
model. Overdispersion, ¢, values are also provided and
indicate the presence of greater variability in the data
sets than would be expected based on the statistical
model used. The overdispersion values are all sub-
stantially larger than their uncertainties, indicating
significant spread in the data sets as illustrated
qualitatively by the histograms, quantile plots and
fitted parameters in Table 1. The overdispersion
values can be employed for assessment of the agree-
ment between the individual laboratory means and the
consensus value and identification of potential
outliers.

Data comparisons

The skew normal fit parameters in Table 1 summarize
the agreement between individual labs which is shown
qualitatively in Fig. 2 and 5. Figure 6 displays the
agreement between the length and height distributions
for the various laboratories expressed as the overlap
index, which is defined as the relative common area
between two distributions. For height data, the overlap
between pairs of data sets is high with only 4 values
that are less than 0.75 and with the average overlap for
a specific data set with all other data sets above 0.75.
Data set A2 has the lowest overlap with other
laboratories (3 values < 0.75); however, the mean
for A2 is 0.54 nm lower than the consensus mean,
which is less than twice the overdispersion and does
not support considering this data set an outlier. The
average overlap for A4 and A10 which used Peak
Force imaging mode with low spring constant probes
(facilitating imaging at low applied force) is high and
their mean heights (3.4 and 3.5 nm, respectively) are
close to the consensus value (3.4 nm, Table 1); this
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Table 1 Summary of skew normal fit parameters (distribution mean, standard deviation and shape factor) for individual data sets for

each laboratory and the final consensus distribution for AFM length, height, and aspect ratio

Laboratory Length Height Aspect ratio

Mean Std dev Shape, Mean Std dev Shape, Mean Std Shape,

(nm) (nm) o (nm) (nm) o dev o
Al 99.7 40.0 7.6 34 14 2.5 322 127 7.1
A2 83.5 314 7.5 29 0.8 1.4 31.0 125 8.2
A3 82.5 339 10.9 37 1.0 1.6 228 7.8 6.5
A4 93.8 36.6 6.1 34 1.3 3.0 297 114 6.3
A5 98.6 40.0 8.0 3.7 1.1 3.7 27.6 104 5.7
A6 98.8 42.3 6.2 33 1.3 4.1 31.6  12.1 7.4
A7 79.4 29.9 7.5 3.1 1.2 34 277 9.5 5.7
A8 129.3 47.5 54 3.5 14 32 426 178 10.7
A9 103.7 34.1 1.5 37 1.3 3.6 31.0 134 33
A10 82.4 335 5.9 35 1.2 2.0 243 9.1 6.3
Consensus value (standard 94.5 39.6 6.4 3.44 1.21 2.7 303 128 6.8

uncertainty) 0.4) 0.3) (0.3) (0.01) (0.01) 0.1) 0.1) (0.1) (0.2)

Overdispersion (uncertainty) 15.0 0.28 5.5

(0.6) (0.02) 0.2)
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suggests that the variation in height across the 10
laboratories is unlikely to be due to reduction in CNC
height by excessive applied force. The high overlap
between labs and the low overdispersion value for the
consensus height (0.28 + 0.02 nm) indicate that the
CNC height measurements are reproducible across
different laboratories, instruments, probe types and
samples. Factors such as the substrate used and the
CNC charge, that may impact AFM height measure-
ments do not contribute to variability in the ILC data
since all samples were prepared using the same CNC
reference material and the same protocol. The
overdispersion for the consensus mean height
(0.28 nm) is slightly larger than the probe to probe
variation observed for individual data sets (Fig. S10)
and similar to the change in mean height as function of
imaging when a single probe is used (Fig. S11).

The overlap between data sets for length is lower
than for height with ~ 25% of the overlap index
values < 0.75. Most of the low overlap values are for
Lab A8 and, to a lesser extent, Lab A9. Lab A8 has the
highest mean length with the largest distribution width
(Table 1, mean, 129 nm and std dev, 47.5 nm). A
possible explanation may be the automated imaging
mode employed by this laboratory which resulted in
changes in image quality throughout the data acqui-
sition and less well-resolved CNCs. Note that the
difference between the A8 mean length and the
consensus mean is 2.3 times the overdispersion
indicating that this data set is close to being an outlier.
Interestingly, laboratory A9 analyzed the smallest
number of particles (125 CNCs) and had the second
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largest mean (103.7 nm); this data set also had a
population of shorter CNCs that was not observed for
other data sets and fewer long CNCs. Based on the
plots shown in Fig. S8 it appears that the small data set
contributes to the lower overlap of A9 with other
laboratories. Two labs with smaller tip radii (A4 and
A10) have mean lengths that are similar to and lower
than the consensus value, respectively, inconclusive as
to whether the nominally smaller tip radius affects the
measured CNC length. Only one lab (Lab AS) used a
higher imaging resolution (0.98 nm/pixel) than the
others, but there is no evidence that this has a
significant impact as the mean and width of the length
distribution are similar to the consensus value. All
laboratories analyzed 1 pm x 1 pm images so the
variation between laboratories is not due to changes in
image size. It is interesting to note that the difference
between probes used by an individual laboratory is in
some cases similar to the overdispersion of the
consensus mean (Table 1), indicating that this is a
significant contributor to the variability between
laboratories. The variations between laboratories
observed in this study are similar to those observed
in two other AFM ILCs of spherical nanoparticles with
low polydispersity, although it is not stated whether
the data was obtained with one or multiple probes
(Melietal. 2012; Lin et al. 2019). The present ILC was
designed to minimize variability due to CNC disper-
sion and deposition on mica and it will be of interest to
assess the impact this factor in future studies.

The AFM results can be compared to the TEM ILC
results published separately (Meija et al. 2020). Both
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AFM and TEM data show similar levels of variability
(as assessed by the uncertainty for the consensus
parameters and the overdispersion values) between the
10 participating laboratories. In comparing the final
consensus distributions, 2 observations stand out.
First, the consensus distributions for length from the
2 methods are in excellent agreement with mean and
standard deviation of 94.5 nm and 39.6 nm for AFM
and 95.8 nm and 38.2 nm for TEM, respectively. The
agreement between length measurements is in contrast
to the original characterization data for CNCD-1,
which was used to prepare the ILC samples. The
original characterization study had reported a smaller
AFM length (76 nm) compared to TEM (87 nm)
(http://www.nrc.ca/crm; Brinkmann et al. 2016;
Jakubek et al. 2018). Both length values are smaller
than the final ILC consensus values, although still well
within the range of the mean length values obtained by
the ten laboratories. The ILC results indicate that, with
a sufficiently large data set, AFM and TEM results are
in excellent agreement, with a mean length of ~ 95
nm. It is also worth noting that there are 2 participating
labs that provided both AFM and TEM data sets for the
ILC; the means for AFM and TEM for each laboratory
differ by less than 2 nm, although the distribution
widths vary by a larger amount. Comparison of the
CNCD-1 size to literature data for other wood pulp-
derived CNCs indicates that CNCD-1 has somewhat
shorter particles, a result that can be attributed

primarily to differences in hydrolysis conditions and
processing (Moon et al. 2011; Reid et al. 2017; Foster
et al. 2018). The more rigorous ILC protocol for
identification of individual CNCs for analysis may
also contribute to size differences.

The second observation is that the AFM and TEM
ILC data (Meija et al. 2020) confirm the previous
report of a TEM width that is approximately twice the
AFM height (Jakubek et al. 2018) for CNCD-1. The
consensus distributions have means and distribution
widths of 7.7 nm and 2.2 nm for TEM width and
3.4 nm and 1.2 nm for AFM height. A number of data
acquisition and analysis factors could contribute to
this difference; these include TEM focusing condi-
tions, poor TEM contrast, image resolution and
analysis methods and AFM imaging force. However,
the ILC consensus results are based on data from ten
laboratories for both AFM and TEM making it
unlikely that such factors are responsible for the large
difference between height and width. One can there-
fore conclude either that the individual particles have
an asymmetric cross-section and adsorb on the TEM
grid with their larger side on the surface or that there is
a fraction of laterally aggregated CNCs that cannot be
distinguished as two particles by TEM.

The initial models for the elementary fibrils of
plant-derived CNCs proposed an approximately sym-
metrical cross-section with a 6 x 6 array of polymer
chains that were assembled during biosynthesis by an
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enzyme complex with six-fold symmetry (Brown
1996; Moon et al. 2011). Individual fibrils were
assigned a square geometry with cross-sectional
dimensions that ranged between 3 and 5 nm, depend-
ing on the measurement method and the cellulose
source (Hamad and Hu 2010; Jiang et al. 2010;
Fernandes et al. 2011). Other studies have suggested
variable numbers of polymer chains in the plant-based
fibrils with diamond, parallelogram and hexagonal
geometries for the fibril cross-section (Fernandes et al.
2011; Wang and Hong 2016). Nevertheless, the
estimates for the cross-sectional dimensions of plant-
derived fibrils fall within the range of 3-5 nm, with
differences of 20-30% in the 2 cross-section dimen-
sions. A recent AFM study of a fractionated CNCD-1
sample employed gold nanoparticles as an internal
calibration standard to determine the AFM tip radius
(Chen et al. 2020a, b). The tip radius was used to
correct measured CNC widths for tip-particle convo-
lution effects, allowing the measurement of width and
height for the same particles for a fractionated CNCD-
1 sample with very few clustered particles. This
demonstrated that some particles have cross-sections
with approximately equal dimensions for the 2 axes,
whereas others have long axes that are between 2 and
3.5 times larger than the short axis. The dimensions of
the symmetric particles are consistent with the
expected dimensions for the elementary fibrils of
plant derived CNCs. They are also consistent with
AFM measurements of elementary fibrils in plant cell
walls (Ding et al. 2012; Zhang et al. 2015). Interest-
ingly the latter studies also visualized lateral aggre-
gation of fibrils. Both the presence of particles
comprised of multiple crystallites and particle aggre-
gation have been reported in other studies (Elazzouzi-
Hafraoui et al. 2008; Kaushik et al. 2014; Cherhal et al.
2015; Uhlig et al. 2016). Based on the above
considerations, the ILC TEM width measurements
may be attributed to a combination of aggregation of
individual particles that is not readily distinguishable
by TEM and the presence of multiple laterally
assembled crystallites in some CNC particles.

Conclusions
AFM length and height data sets were obtained from

10 laboratories participating in the ILC. There is
considerable variation in the overall central location,
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distribution width and asymmetry for the various data
sets, particularly for length. This variability has
prompted an analysis approach that involves fitting
the data to a skew normal distribution which includes
an additional shape factor that accommodates the
variable skew in the data sets. The skew normal
distribution has the advantage of becoming equivalent
to a normal distribution for cases where the shape
factor is equal to zero. ILC consensus values were then
obtained by modelling the variation between the
individual laboratories as a skew normal distribution.

The final consensus values for length are in
excellent agreement with the TEM results obtained
as part of the same ILC. The agreement between
individual height data sets is reasonably high as judged
by the overlap index plots (Fig. 6). It appears that a
repeatable data set for an individual laboratory can be
obtained with considerably less than the 500 data
points requested for the ILC. However, there is a wider
spread of data for length and it is difficult to separate
effects of tip properties, number of CNCs analyzed
and possibly other operating parameters that are not
captured in this study. The use of multiple probes and/
or deterioration of the probe properties as a function of
increased use are significant contributors to the
variability between laboratories, particularly for
length. Based on image analysis tests in the first phase
of the ILC, analyst subjectivity in selection and size
measurements for individual particles is a minor
contributor to the variability in the determination of
CNC length. Finally, the combined AFM and TEM
results obtained in this ILC indicate the factors that
should be considered to obtain reliable particle size
data and to make comparisons between different
sources of CNCs for quality control purposes.
Although measurements such as these are unlikely to
be undertaken frequently by CNC producers, they
serve as a useful study against which other more
routine measurements may be benchmarked. Since a
variety of instruments and AFM probes were used by
the ILC participants, it is likely that the observed
variation in data is typical of that expected over a
wider range of laboratories. Future studies to assess
the impact of sample preparation in multiple labora-
tories, the development of automated image analysis
methods and better control over AFM probe properties
would be beneficial.
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