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Abstract Morphology analysis of cellulose
nanocrystals (CNCs) using transmission electron
microscopy (TEM) and atomic force microscopy
(AFM) images is an important step in the design and
optimization of the processes employed in the man-
ufacture and utilization of CNCs. Current protocols
used in the analyses of CNC particle morphology for
such microscopy images are largely manual and time-
consuming, and often produce inconsistent results
between different researchers. This paper describes a
new semi-automated image analysis framework that
can reliably and quickly detect and classify CNCs
from TEM and AFM images and measure their
dimensions. The proposed image analysis framework
is named CNC-Standardized Morphology Analysis for
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Research and Technology (SMART). The viability of
this framework is demonstrated in this paper using
exemplar images obtained for a National Research
Council Canada certified reference material, CNCD-1.
The results obtained from the SMART approach
presented in this work are compared critically against
the results obtained from the conventional manual
approaches. These comparisons revealed a good
agreement between the manual and SMART
approaches. Notably, the SMART approach showed
significant potential for consistent CNC identification
and dimensional measurements at a much higher
throughput (e.g., number of CNCs measured and
number of images analyzed) compared to the conven-
tional manual approaches.
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Introduction

Cellulose Nanocrystals (CNCs) are cellulose based,
spindle shaped nanoparticles of typical length
50-350 nm, width 5-20 nm, and aspect ratios of
~ 3-30, extracted from various cellulose sources
such as trees, plants and recycled paper products, by
the strong acid hydrolysis method (Moon et al. 2011).
Depending on the source and extraction process
parameters, CNCs have varying particle morphologies
and size distributions. CNCs exhibit various desirable
features including high aspect ratio, low density, low
thermal expansion, high stiffness and mechanical
strength, self-assembly capability, biocompatibility,
sustainability, biodegradability, and scalability. These
characteristics make CNCs attractive for uses across a
wide application space, such as composites, rtheology
modifiers, flexible electronics, drilling fluids, biomed-
ical, cosmetics, food coatings and packaging (Awan
et al. 2018; Ferrer et al. 2017; Goswami et al. 2019; Li
et al. 2016; Martinez-Sanz et al. 2013; Valentini et al.
2014; Zhou et al. 2013a).

The addition of CNCs modifies the processing,
structure and property/performance of fluids (e.g., as
rheology modifiers) and solids (e.g., as polymer
reinforcement phase); these effects are strongly
related to the CNC particle size and size distribution
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(Bespalova et al. 2017; Boluk et al. 2011; Sacui et al.
2014). Unfortunately, quantitative measurement of
CNC morphology remains challenging due to CNCs’
broad size distributions, irregular shapes (i.e., not
perfect rectangles or ellipses) and strong propensity
for aggregation. The efforts aimed at optimizing CNC
production, quality control, and use in various appli-
cations have been hampered by the lack of standard-
ization for CNC material characterization (Foster et al.
2018; Jakubek et al. 2018; Kaushik et al. 2015).
Several approaches have been used to assess the
morphology of CNC nanoparticles, such as small
angle X-ray scattering, small angle neutron scattering
and dynamic light scattering (DLS) (Mao et al. 2017),
field flow fractionation (Mukherjee and Hackley
2018), transmission electron microscopy (TEM)
(Brinkmann et al. 2016; Campano et al. 2020; Jakubek
et al. 2018), and atomic force microscopy (AFM)
(Honorato-Rios and Lagerwall 2020; Reid et al. 2017;
Sacui et al. 2014). The most widely used approaches
are TEM and AFM image analysis, but both are
hindered by manual, time-consuming, and inconsis-
tent procedures that have a high potential for user
bias/subjectivity.

Current TEM and AFM image analysis protocols
used for CNC particle measurement are subject to
variability and error due to the subjectivity in image
analysis and data analytics performed by the experi-
menter. Manual procedures are used to identify
individual CNCs, and the recorded length and width
are taken as the lengths of the largest line segments
through the long and short axes of the CNC (Jakubek
et al. 2018). This manual selection is the main reason
for the inconsistent measurements from run to run, lab
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to lab, and analyst to analyst, as the identification of
CNC edges can be very challenging, and different
analysts may select different target CNCs to measure
within a given image. Depending on the image type,
TEM or AFM, these procedures are typically per-
formed using different image analysis software such as
ImageJ or Gwyddion, respectively (Necas and Klape-
tek 2012; Schneider et al. 2012). These protocols take
a significant amount of time when many CNCs are
measured, which may further exacerbate error from
analyst bias. Such inconsistencies affect the reliability
of the morphology data that is subsequently used in
optimization of CNC production, and their utilization
for applications. Though there are semi-automated
image analysis programs, either commercial or open
source (e.g., plugins for Imagel, such as Fibril]
(Sokolov et al. 2017)), for TEM and AFM image
analysis of nanosized particles, application to cellu-
lose nanomaterials has been inconsistent due to
difficulties in correctly identifying single particles.
To remedy these drawbacks, a semi-automated detec-
tion and measurement system specifically designed for
CNCs is proposed.

In this work, a semi-automated image analysis
framework has been developed (e.g., SMART) to
detect and categorize CNC groupings and measure the
dimensions of individual CNCs in TEM and AFM
images. This framework utilizes basic, widely
adopted, digital image processing techniques used in
materials science (Campbell et al. 2018; Heilbronner
and Barrett 2014; Salem et al. 2014; Sun et al. 2007,
Tahoces et al. 2019; Wargo et al. 2013; Yucel et al.
2020) to produce a modular, clear process that can be
deployed for CNC image analysis. This system can
analyze many images in a short time period via batch
processing and can produce CNC morphology data
(e.g., particle dimensions and shape) in an accurate,
consistent and time-efficient way that is minimally
impacted by human bias and variability. Having the
ability to measure particle dimensions (i.e., length and
width) from a large population of CNC particles in a
very short amount of time can allow further investi-
gation into length and width correlations for different
CNC processing conditions (Elazzouzi-Hafraoui et al.
2008), different cellulose sources (Elazzouzi-Hafraoui
et al. 2008; Sacui et al. 2014), and CNC production
from different laboratories (Reid et al. 2017). Lastly,
though SMART was designed for CNC materials, it

may also be applicable to other similarly shaped
nanoparticles (e.g., chitin).

Methodology

Automation of the detection and quantification of
CNCs in TEM and AFM images was completed by
utilizing existing image transformation methods such
as filtering for image enhancement, segmentation and
chord length analysis for measuring particles easily
and rapidly. For quantifying CNC particle morphol-
ogy, it is necessary to: (1) have high quality digital
images from which measurements can be made, and
(2) have a consistent and reliable method to correctly
identify and measure individual CNCs. Obtaining high
quality digital images is contingent on several factors,
such as homogeneous dispersion of individual CNC
particles with minimal CNC—CNC contact or over-
lapping points, and a uniform contrast across the
image, while maintaining high edge contrast between
CNC particles and the supporting substrate. Some
guidance in this regard can be found in prior work
(Foster et al. 2018; Ogawa and Putaux 2019; Stinson-
Bagby et al. 2018). The focus of this paper is on the
development of a consistent and reliable method to
identify and measure individual CNCs while exclud-
ing overlapping and clustered particles. In this study,
we developed a multi-step process for CNC image
analysis that included: (1) pre-processing to remove
noise and improve contrast in the image, (2) CNC
classification to identify individual CNCs for mea-
surement, and (3) new digital measurements and
parameterization tools for CNCs. The proposed image
analysis framework is named CNC-Standardized
Morphology Analysis for Research and Technology
(SMART).

Sample preparation and imaging

The image analysis method was developed using
images obtained as a part of the characterization of a
CNC certified reference material (CNCD-1) produced
by the National Research Council, Canada (http://
www.nrc.ca/crm). CNCs were generated by sulfuric
acid hydrolysis of softwood pulp, followed by neu-
tralization with NaOH. This material has been fully
characterized for several physical and chemical
properties, including size measurements by dynamic
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light scattering, TEM and AFM. Methods for CNC
dispersion by ultrasonication and preparation of sam-
ples for microscopy measurements are reported in
Jakubek et al. (2018). TEM samples were prepared by
depositing 0.02 wt% CNC aqueous suspension onto a
plasma-exposed carbon-coated copper grid and then
stained with uranyl acetate to improve contrast. The
use of negatively stained CNCs allows higher mag-
nification with lower defocusing, resulting in a higher
resolution of the CNC edges and a higher accuracy in
the measurements of the particle dimensions. AFM
samples were prepared by spin coating 0.004 wt%
CNC aqueous suspension onto a poly-L-lysine coated
mica, a method that provides more homogenous
samples with a larger fraction of individual CNCs per
image. The initial characterization of CNCD-1 and a
subsequent interlaboratory comparison (Bushell et al.
2021; Meija et al. 2020) that utilized this material have
optimized the sample preparation and image acquisi-
tion/analysis methods and provide the baseline for
comparison of manual image analysis with the semi-
automated approach developed here.

Pre-processing and segmentation

The TEM and AFM images were analyzed using a
sequence of image processing algorithms that
included: (1) contrast enhancement, (2) noise removal
(smoothing), (3) sharpening, and (4) segmentation.
The contrast enhancement algorithm helps to separate
CNCs from the background and is based on a
histogram stretching method (Jain et al. 1995). A
grayscale image generally has pixel values ranging
between 0 and 255. However, most raw images do not
use the full range of grayscales. The histogram
stretching expands the range to utilize the full range
of grayscales by mapping the pixel values of back-
ground regions to the values closer to 0 and the pixel
values of CNC regions to the values closer to 255. The
level of contrast enhancement is adjusted automati-
cally by this algorithm for the different raw images.
TEM images typically have much lower contrast than
AFM images, and thus require a higher level of
enhancement. The noise removal step applies a
smoothing filter on the images to adjust undesirable
pixel values (i.e., lighter pixels in the background
region or darker pixels in the lighter CNC region).
TEM images typically have noisier backgrounds and
edges than AFM images, and thus require a higher

@ Springer

level of noise removal. However, since edges must be
preserved, an edge-preserving median filter is pre-
ferred over a more standard smoothing algorithm such
as the Gaussian filter (Huang et al. 1979). The
sharpening algorithm makes the edges and interfaces
(e.g., CNC—CNC) more distinct (Davies 2004). Lastly,
a segmentation method called adaptive thresholding
(Bradley and Roth 2007) is used to segment the
processed grayscale image into a binary image of only
0’s (background) and 1’s (CNCs). In this step, each
pixel value is compared with a threshold value and
assigned either O or 1 depending on whether the pixel
value is smaller or larger than the threshold, respec-
tively. A detailed explanation of this approach is given
in the supporting document, and Fig. S1 in the
supporting document illustrates the explained method
over a small representative region from an AFM
image. An example set of raw images (Fig. 1a, e), gray
scale pre-processed images (Fig. 1b, f) and the final
segmented images (Fig. 1c, g) are shown for TEM and
AFM images, respectively, in Fig. 1. The final
segmented images are used in the next step of the
analysis, namely grouping.

CNC groupings

The distribution of CNCs within the image influences
the ability to obtain the desired geometrical measure-
ments. The ideal configuration with uniformly dis-
tributed, well separated, CNCs is difficult to achieve;
most CNCs are often found contacting, overlapping,
and/or parallel stacked with each other. In this work, it
was decided to categorize CNCs into three groups:
isolated CNC:s (i.e., no contact with other CNCs in the
image), border CNCs that touch an edge of the image,
and agglomerated CNCs (this group includes all the
CNCs not included in the other two groups, e.g.,
touching, overlapping, and parallel stacked). The
agglomerated CNCs can be further sub-divided based
on the different types of spreading/alignment as
touching, overlapping, lateral parallel stacking and
linear parallel stacking (see Fig. 2). In this work, we
will focus only on the higher level of groupings,
namely, isolated, border, and agglomerated groups.
The CNC groupings are identified using a multi-
step procedure. The first step in this process involves
labeling individually all of the unconnected fore-
ground objects in the segmented images (Fig. 1c,g).
This step will identify isolated (individual) CNCs and
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Fig. 1 Workflow of the SMART image analysis system. For
TEM images, a raw image, b contrast enhanced, denoised and
sharpened (pre-processed) image, ¢ segmented image, and
d image with color coded CNC groupings. For AFM images,

e raw image, f pre-processed image, g segmented image, and
h image with color-coded CNC groupings. The color coding:
red for isolated CNCs, light blue for border CNCs, and yellow
for agglomerated CNCs

Isolated Intersecting Parallel Stacking
Touching Lateraéﬁ
Overlapping Linear
——_—

Fig. 2 Schematic showing the five different CNC groupings typically observed in TEM or AFM images. In the current study, only

isolated CNCs were analyzed

agglomerated CNCs as uniquely labelled objects that
could be further analyzed individually. The labeling of
all unconnected foreground objects is accomplished
using a built-in MATLAB function bwlabel
(MATLAB 2020). Next, the labels of all border CNCs
(i.e., unconnected foreground objects with pixels
touching any of the edges of the image) are detected
and saved under a single group identification using the
built-in MATLAB function imclearborder MATLAB
2020). The border CNCs are shown with light blue
color in Fig. 1d, e. The remaining unconnected

foreground objects will then be analyzed individually
and assigned group identification corresponding to
either the isolated CNCs or the agglomerated CNCs.
This grouping is accomplished using the built-in
MATLAB function regionprops (MATLAB 2020),
which estimates the major and minor axis lengths of
each unconnected object by encapsulating it within an
ellipse (Fig. 3). To identify/separate isolated CNCs
from agglomerates, a unique combination of ranges
for aspect ratio (i.e., the ratio of the length of the major
axis over the length of the minor axis) and size

@ Springer
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d / ; b
Fig. 3 Schematic showing a an isolated CNC and overlapping
CNCs, and b isolated and overlapping CNCs with their
corresponding elliptical construct overlaid (black line). The
aspect ratio (i.e., major axis length (blue line)/minor axis length

(red line)) is used as one of the primary parameters for
determining the classification of CNC groupings

limitation (e.g., minimum and maximum lengths of
major and minor axis) are used. Since the CNC
morphology is strongly dependent on cellulose source
material and the production process, the parameters
that best suit a given batch of CNCs will vary. To
accommodate this, the SMART system accepts user
input for these parameters. Unless otherwise stated,
the parameters used in this study are those typical for
isolated CNCs produced from wood pulps and are as
follows. The parameters used for TEM images
included aspect ratio greater than 2.5, major axis
length between 15 and 250 nm, and minor axis length
of less than 15 nm. The parameters used for AFM
images included aspect ratio greater than 2, major axis
length between 15 and 300 nm, and minor axis length
less than 30 nm. These parameters were selected
based on prior reports in the literature (Brinkmann
et al. 2016; Jakubek et al. 2018), and should be
adjusted as needed. The current study focused exclu-
sively on isolated CNCs; future analysis will explore
approaches to analyze the other CNC groupings. The
fit to an ellipse described above is used only for the
grouping of CNCs into the different classes. Subse-
quently, other advanced approaches are used for
accurately quantifying the geometry of the individual
CNCs.

The area fraction of the image occupied by each of
the three groups can be easily calculated. In Fig. 1d
and h, the three CNC groupings are represented with
different colors (e.g., red—isolated CNCs, blue—
border CNCs, yellow—agglomerated CNCs). Area
fractions are calculated by dividing the number of
colored pixels for each group (e.g., number of red
pixels for isolated CNCs) by the total number of all
CNC pixels (i.e., sum of red, yellow and blue pixels)
from the color-coded image. This metric can be used
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to assess the ratio of isolated CNCs to agglomerated
CNCs.

CNC size analysis

The focus of this paper is the size analysis of isolated
CNCs; the fundamental measurement approach used
in SMART follows the established TEM and AFM
image analysis protocols, and thus allows a direct
comparison with prior reports in literature. For each
isolated CNC identified within the segmented image
(Fig. 4a), SMART analysis rotates the object such that
the major axis lies parallel to the horizontal x-axis
(Fig. 4b). Line segments (chords) in x and y directions
are then measured for both major and minor axis
directions, respectively (Fig. 4b). These axes are
perpendicular to each other, and the chords along
these x and y axes represent length and width profiles
of the CNC, respectively. All of the x and y chord
lengths for each isolated CNC are collected to
construct chord length profiles that are used for
analysis (Fig. 4c, d). For the example shown in
Fig. 4, the length profile is based on 45 separate
horizontal chord lengths, while the width profile is
based on 272 separate vertical chord lengths. The
number of chord lengths used to build the profile is
based on the particle aspect ratio, and the pixel density
of the image. The protocols to efficiently obtain chord
length information have been established in previous
studies in material science (Turner et al. 2016; Yucel
et al. 2020).

For TEM images, the resulting CNC length and
width are obtained by averaging the chord values
(black data points in Fig. 4c and d) above a certain
threshold (i.e., maximum chord minus 10% and 50%
of the range of the x and y direction chords,
respectively). Subtracting the range-based values from
the maximum chords makes the length and width
calculations specific to the morphology of each CNC
since this range is the difference between maximum
and minimum chords. Taking the average of the
selected longest chords helps to remove noise associ-
ated with noisy background pixels, or pixel clusters,
becoming “attached” to the periphery of the CNC and
artificially increasing the corresponding chord length
by several nanometers. Selection of the averaging
regions (e.g., the chord values above longest chord
minus 10% and 50% of range of all chords for length
and width, respectively) was empirically based on
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Fig. 4 a A typical segmented isolated CNC. b The CNC is
rotated so that the long axis is parallel to the horizontal axis; two
example chords are shown, one horizontal (blue) and one
vertical (red). ¢ Profile of horizontal chord lengths. Black points
represent the chords with a length larger than the maximum
chord value minus the 10% of range of all chords. The blue

comparisons between SMART and manual measure-
ments of many CNCs. The noise effect is more
dominant for width chords, as the size of the noise can
be a significant fraction of the width of a CNC. As a
result, a higher percentage value for the range
summation, 50%, for averaging the width was used.
This averaging approach, though empirical, helps the
SMART analysis to minimize the effect of noise on the
measurement of CNC length and width.

For AFM image analysis, an adjustment to the
approach was needed due to AFM tip convolution
(e.g., dilation) effects that artificially increased dimen-
sions of the object being imaged (Canet-Ferrer et al.
2014). The tip convolution effect is significant for
CNC width as it can be a high fraction of the total
width, but is small for CNC length, as it is a small
fraction of the total length. Due to the difficulty of
applying deconvolution approaches to obtain an
accurate measurement of CNC width, most AFM
studies do not measure width, but rather measure the
height of the cross-sectional dimension. Height mea-
surements are not affected by tip convolution effects
(Brinkmann et al. 2016). The SMART analysis utilizes
the height information of every pixel in the CNC
image to estimate the measured height for each CNC.
For a given CNC, the average of top 20% region of its
height values (shown in green in Fig. 5b) is used to
estimate the height of the CNC. The parameter for
averaging the top region is empirically selected
through comparisons between SMART - 3D height
profiles and manual — 2D height profiles of several
CNCs to provide higher consistency between these
sets of height measurements. It should be noted that
the CNC height, though similar, is not necessarily

horizontal chord number vertical chord number

dashed line is the average value of the black points. d Profile of
the vertical chord lengths. Black points represent the chords
with a length larger than the maximum chord value minus 50%
of range of all chords. The red dashed line is the average value
of the black points

n

height (nm)

-1
40

20 . ~ _— — 60

Fig. 5 AFM height profile analysis for a single CNC, and b its
3D height profile. The height values with the maximum height
value minus 20 percent of the range of all points (black data
points on top of the profile) are used to assess an average height
for this particle

equivalent to the CNC width (Brinkmann et al. 2016;
Jakubek et al. 2018; Postek et al. 2010).

Chord length plots are also used in the identification
and selection of isolated CNCs. Using the chord length
plot for width measurements, a specific width ratio, the
ratio maximum width over the average width value
(€.82-s Wraio = Wmax/Waverage) 18 defined to remove
parallel stacked CNCs that were initially selected as
single CNCs (Fig. S2). The width-based criterion used
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for TEM and AFM image analysis removed CNC with
Wiatio > 1.5. Introducing this selection step in addition
to the criteria of aspect ratio and the lengths of major
and minor axis differences improves the accuracy of
isolated CNC selection process in a systematic way
and is more representative of current manual CNC
selection approaches. This chord length analysis step
was used on both TEM and AFM images.

Similar to the width-based method explained
above, a height-based selection is also defined for
the removal of linearly parallel stacked CNCs that are
initially selected as single CNCs. To detect and
remove these CNCs, the maximum horizontal chord
is found (Fig. S3a and S3b), and height values of the
pixels on this longest chord are extracted to plot a
height profile along the long axis of the CNC
(Fig. S3c). Using this height profile, the presence of
local minima (red star in Fig. S3c) is checked first.
Following the detection of one or more local minima, a
height-based ratio is calculated (e.g., hyaio = hiocatmin/
haverage). The height-based criterion used for AFM
image analysis removed CNCs with h.,;, > 0.75.
Introducing this selection step also improves the
accuracy of the isolated CNC selection process. This
removal method is applied only on AFM images, since
TEM images do not provide height information.

Reliability testing

The reliability of the SMART approach was investi-
gated by conducting a series of image analysis
validation runs to assess how well the system identi-
fied isolated CNCs and measured their dimensions.
Two different validation approaches were used:
parameter testing and comparison testing. Parameter
testing was used to gain insight on how changes in the
inputs used in the program (e.g., smoothing, sharpen-
ing, etc.) translate to changes in CNC identification
and dimension measurements. The comparison testing
was undertaken to assess how well the automated
system can identify and measure CNCs as compared to
manual measurements. For these tests, data sets of 30
TEM and 15 AFM images were used (see “Sample
preparation and imaging” section for details); the
details of the testing are provided in the corresponding
sub-section of the “Results” section.
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Results

The SMART image analysis requires high quality
images (e.g., good contrast between CNCs and the
background region, distinct CNC edges, and a low
concentration of CNCs homogeneously distributed on
the imaging substrate), requiring special care in TEM
and AFM sample preparation and imaging as
explained in references (Brinkmann et al. 2016;
Jakubek et al. 2018; Stinson-Bagby et al. 2018). Once
this has been achieved, the utility of the SMART
image analysis framework can be demonstrated. First,
the idealized parameter setting is described, which
is used for pre-processing of TEM and AFM images
(i.e., segmentation and binary image processing) to
prepare them for subsequent image analysis. Next, the
identification of individual CNCs is assessed by
comparing the SMART analysis to manual identifica-
tion, which is considered the current state of the art
approach. Following the isolated CNC selection, the
SMART results are validated by comparisons with
manual measurements. Finally, a small study is
presented demonstrating the effect of different image
pre-processing parameters on the isolated CNC iden-
tification and dimension measurements.

Optimization of image processing parameter
settings

The image analysis can be influenced by several
variables: 1image enhancement processes (e.g.,
smoothing, sharpening), the type of image (e.g., pixel
resolution, contrast level, TEM, AFM), and the CNC
material itself (e.g., length and level of agglomera-
tion). Within the image analysis program, there are
two parameters that can be adjusted: smoothing and
sharpening. In general, smoothing is used to reduce
noise, while sharpening is used to increase edge
contrast, and adjustments can be made within the
range of 1 to 5, which represents the size of the
applied filter (i.e., | represents a 1 pixel neighborhood,
giving a 3 by 3 pixel filter size, where the new value of
center pixel is calculated using the values of 8
neighboring pixels and the center pixel; 5 is for a 5
pixel neighborhood, giving a 11 by 11 pixel filter size,
where the new value of center pixel is calculated using
the values of 120 neighboring pixels and the center
pixel; see supporting documentation, Fig. S4 & S5, for
additional description). The determination of
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appropriate parameter settings is based on an iterative
assessment of how well individual CNCs are identified
and the level of overlap of the SMART predicted
outline of the CNC to that in the raw image. The ideal
parameter settings are significantly influenced by the
pixel density and contrast of the images, and as a
result, these settings are considerably different for
TEM and AFM images.

Typically, TEM images of CNCs have poor con-
trast, poor edge definition, and high levels of noise,
despite best attempts in sample preparation and
imaging protocols (Foster et al. 2018). The TEM
images used in this study have a pixel size of
~ 0.3 nm/pixel and a high pixel density (2048 by
2048 pixels), thus allowing considerable capability for
smoothing and sharpening. The ideal parameter set-
tings were determined to be at the maximum levels for
smoothing and sharpening, of 5 and 5, respectively. In
contrast, the AFM images have high contrast, high
edge definition, and low levels of noise. The AFM
images used in this study have a pixel size of ~ 2 nm/
pixel and a low pixel density (512 by 512 pixels),
limiting the filter size that can be used since larger
filter sizes approach the size of the CNC particle,
resulting in artifacts. For the AFM images used in this
study, ideal parameter settings were determined to be
at minimum levels for smoothing and sharpening, of 1
and 1, respectively. The effects of changing parameter
levels on the isolated CNC identification and mea-
surements are discussed in the section “Parameter
Testing”.

Identification of individual CNCs

The identification of individual CNCs is a critical
component for size measurements, however, it is not
always straightforward, and many times can be
exceedingly challenging. The SMART image analysis
uses the protocols developed previously for manual
measurements of TEM and AFM images as a guide
(Jakubek et al. 2018) and (Brinkmann et al. 2016).
Subsequent analysis and description are based on the
use of TEM and AFM images that were obtained in a
previous study (Jakubek et al. 2018). The SMART
image analysis approach using the pre-set parameters
and CNC size criteria defined in “CNC groupings”
section, had a high level of success in the identification
of individual CNCs and CNC edge boundaries. When
comparing the SMART system to manually measured

datasets, the majority of the same CNCs were
identified. Examples of CNC identification by
SMART and manual approaches for a TEM image
and an AFM image are shown in Fig. 6. The TEM
image in Fig. 6a shows several CNCs with those that
were manually identified as single CNCs highlighted
with blue ellipses. Figure 6b shows the outcome of the
SMART identification of individual CNCs as well as
the identification of the CNC edges with green
outlines. For the AFM image, the white lines and
individual number labels in Fig. 6¢ show the manually
identified isolated CNCs, while the green outlines in
Fig. 6d show SMART identification of individual
CNCs and their corresponding edges. When the
contrast between CNCs and background is high
enough and the CNCs are well dispersed, SMART
identification is consistent with manual selection.
There is a high overlap in the identification of the same
isolated CNCs between SMART and manual
approaches (e.g., greater than 50% for TEM and
70% for AFM). This is a consequence of the high
image contrast in these images, which allows the
CNCs to be easily distinguished from the dark
background. Overall, the typical examples in Fig. 6
indicate that the SMART and manual approaches can
identify similar isolated CNCs for both TEM and
AFM images. Having complete agreement with the
manual approach is not to be expected, nor is it the
goal; there is ambiguity with manual identification of
CNCs since the selection of single particles is
subjective and different analysts often select different
sets of particles for the same image (Brinkmann et al.
2016; Jakubek et al. 2018).

As shown in Fig. 6 the SMART system has some
false CNC identifications and some missed identifica-
tions; although these issues are not ideal, they occur at
a low level. Such errors are primarily related to image
quality and skewed contrast when CNCs are in very
close proximity to each other, and more sophisticated
approaches for improved selection protocols are being
developed to address such issues. The CNC identifi-
cation via the SMART approach can be adjusted by
changing the CNC selection criterion (e.g., aspect
ratios, major and minor axis lengths of the fitted
ellipses and additional width-based and height-based
ratios that are also used for the detection of parallel
stacked CNCs). For example, lowering the minimum
value for the major or minor axis length identifies
smaller objects as CNCs, but non-CNC objects such as
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Fig. 6 Example of CNC identification by manual and SMART
approaches for TEM and AFM images a TEM image, manual
approach (9 CNCs identified) b TEM image, SMART approach
(14 CNCs identified) ¢ AFM image, manual approach (26 CNCs
identified) d AFM image, SMART approach (29 CNCs

accumulated background noise pixels are more likely
to be incorrectly identified as CNCs. Increasing these
values can allow the identification of larger objects;
however, CNC agglomerates (e.g., either end-to-end,
or side-by-side stacking of multiple CNCs) might be
incorrectly identified as larger individual CNCs.
Overall, isolated CNCs could be readily identified
with the parameters specified earlier (Fig. 7a, b),
where SMART was able to track the CNC edges
correctly in TEM (Fig. 7a) and AFM (Fig. 7b) images.
However, there were problems for some TEM images
due to high levels of noise in the image, which affected
the CNC edge resolution, resulting in either wider,
longer or shorter CNC objects depending on the
situation. The broadening of CNCs was due to two
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identified). Blue ellipses are superimposed on the micrograph
in part a to highlight CNCs that were manually selected; white
lines in part ¢ are used to manually identify and measure CNCs.
Green outlines in parts b and d are the CNC edges identified by
the SMART approach. Images are from (Jakubek et al. 2018)

factors; the capture of noisy pixels on the CNC edges,
or reduction of edge contrast (due to noise pixels) at
the interface between two or more isolated CNCs that
were parallel stacked and were subsequently identified
as a single CNC with larger dimensions (Fig. 7c). The
shortening of CNCs occurred at the CNC ends when
the noise pixel background was similar to the CNC
contrast (Fig. 7d). The lengthening of CNCs occurred
by two methods; the capturing of noisy pixels at the
CNC tails or ends, or when noisy pixels lowered edge
contrast at the interface between two or more isolated
CNCs that are stacked end-to-end, resulting in their
identification as a single CNC with longer dimensions
(Fig. 7e).
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Fig.7 Comparisons of the same CNC identified in both manual
and SMART approaches, showing examples where the SMART
approach had good results (parts a and b) and substantial errors
(parts ¢, d, and e) in the capture of the CNC shape. Green
outlines are the CNC edges identified by the SMART approach.

CNC dimension measurements: SMART
versus manual measurements

To assess how well the SMART system can identify
viable CNCs to measure, as well as how well it can
measure the length, width, and height of CNCs, its
measurements were compared to manual measure-
ments from both TEM and AFM images from a
previous study (Jakubek et al. 2018). To facilitate a
side-by-side comparison of CNC dimensional mea-
surements (e.g., length, width, height), the CNCs
commonly identified and measured by both the
manual and SMART approaches were selected; thus
any differences in measurements and distributions can
be attributed directly to the accuracy of the analysis/
measurement approaches. The results demonstrate
that the SMART approach can identify CNCs and
measure their morphologies at least “as good as a
human”.

For a comparison of the TEM measurements, 14
TEM images were selected and 156 individual CNCs
were identified and analyzed manually, while the
SMART system re-analyzed the same images and
identified 174 individual CNCs, of which 99 were
identical to those measured manually. The comparison
of the dimensional measurements of these 99 CNCs
from SMART versus manual approaches is

The larger errors are caused by the effects of noise within the
image, and can result in CNCs that are wider (part c), shorter
(part d) or longer (part e) than those measured by the manual
approach. TEM images are shown in parts a, ¢, d, and e, while an
AFM image is shown in part b

summarized with histograms (Fig. 8a, ¢) and point-
wise comparisons (Fig. 8b, d). While the length
distributions from both approaches are quite similar
to each other, the width distribution obtained by the
SMART approach is somewhat narrower than that
obtained by the manual approach. Additionally, the
mean widths measured by the manual approach appear
to be slightly smaller than the mean widths measured
by the SMART approach. One reason the SMART
system may be measuring a smaller mean width could
be attributed to the averaging protocols used (see
“CNC size analysis” section). Note that the manual
method measured the width from the widest part of the
CNC. For length comparison, there are only a few
outliers. This was caused by errors in the SMART
approach in capturing the CNCs as discussed in the
previous section (see Fig. 7d, e). The mean and
standard deviation values for both length
ESMART = 74.9 nm, OL_SMART = 24.0nm) and width
(WSMART =8.1 nm, Oow_SMART — 1.5 nm) are very
close to those obtained from the manual measurements
(Lngnuar = 72.5nm, 0L manual = 25.1nm and
W panual = 8.5 nm, OW _manual = 2.1 nm).

For the comparison of the AFM measurements, 5
AFM images were analyzed by both approaches. The
manual approach identified 128 individual CNCs
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Fig. 8 TEM image analysis comparison, SMART versus
manual approaches for the 99 commonly identified CNCs:
a histogram of length measurements, b corresponding one-to-
one comparison of identical CNCs (the two blue arrows identify
measurements with the highest differences and are discussed in

(Jakubek et al. 2018), while the SMART system
identified 148 individual CNCs, of which 101 were
commonly identified by both approaches. The dimen-
sional measurements of these 101 CNCs from
SMART and manual approaches are presented as
histograms (Fig. 9a, ¢) and point-wise comparisons
(Fig. 9b, d). The SMART measurements were very
consistent with the manual measurements in terms of
histograms, point-wise comparisons, mean and stan-
dard deviation values of length (Lsyarr = 75.2nm,
Ol_SMART = 31.9 nm, and I:manual =77.0 nm,
OL manuat = 31.9nm) and height measurements
(HSMART =35 nm, OH_SMART = 1.1 nm and
ﬁmanual = 3.5nm, OH_manual = 1.1nm).
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more detail in Fig. 7e and d), ¢ histogram of width measure-
ments, d corresponding one-to-one comparison of identical
CNCs (the blue arrow identifies a measurement with the highest
discrepancy and is discussed in more detail in Fig. 7c).
Overlapping regions of histograms are shown in brown

Parameter testing

Parameter testing studies provided insights on the
sensitivity of the results (e.g., length, width measure-
ments) obtained by the SMART approach to various
parameters used in the individual image analyses
functions of the SMART system. The length and width
measurements were affected by the parameters
embedded in the image processing functions (e.g.,
filter sizes in sharpening and smoothing). The opti-
mum pre-set image processing parameters were
determined for high resolution TEM images to be
5-sharpening and 5-smoothing (i.e., level 5 represents
a 5-pixel neighborhood having a 11 by 11 filter size),
while for low resolution AFM images they were 1 and
1 (i.e., level 1 represents a 1-pixel neighborhood
having a 3 by 3 filter size), respectively. The ‘ideal’
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Fig.9 AFM image analysis comparison, SMART verse manual
approaches for the 101 commonly identified CNCs: a his-
togram of length measurements, b corresponding one-to-one

image processing parameters were determined based
on three criteria: (1) which one resulted in most
consistent and accurate SMART measurements com-
pared to manual data, (2) which one had the least
amount of false CNC identification, and (3) which one
minimized noise in the system. The sensitivity of the
selected parameter values on CNC grouping catego-
rization, isolated CNC detection, and the variability of
CNC dimension measurements was evaluated to
assess the robustness of the SMART image analysis
framework. Note that with these comparisons we are
not necessarily claiming we have the “correct”
capture of all CNCs and their dimensional measure-
ments, however, we demonstrate that certain param-
eters result in less noise, and thus improve CNC
identification and measurement.

The sensitivity of the parameter values on the
SMART measurements of length (TEM, AFM), width
(TEM), and height (AFM) was evaluated by repeating
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comparisons, ¢ histogram of width measurements, d corre-
sponding one-to-one comparisons. Overlapping regions of
histograms are shown in brown

the measurements on a 5 by 5 matrix of possible values
for the sharpening filter (1-5) and the smoothing filter
(1-5), resulting in a total of 25 different parameter
combinations on a randomly selected TEM image and
a randomly selected AFM image. Two types of
investigations were conducted: (1) specific tracking
of one individual CNC through the entire parameter
matrix, and (2) general tracking of all CNCs identified
on the image. For the tracking of the same CNC it was
important to choose an isolated CNC from a region of
the image with well-dispersed CNCs, so that the CNC
would not attach to another particle as a result of
dilation effects from poor parameter settings.

For the TEM image, a summary of the percent
changes to length and width of a single CNC tracked
through all 25-parameter settings is shown in Fig. 10.
The ideal image processing parameters for TEM
images are level 5 for both smoothing and sharpening
filters and were used as the reference point in
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Fig. 10 Effect of the different parameters in the SMART
approach on the CNC dimension measurements for a TEM
image, where the ideal parameter setting (smoothing level 5 and
sharpening level 5) is highlighted with the green dot.
a Percentage change of length for different parameter values.
b Percentage change of width for different parameter values.

calculating the percent change (green data point in
Fig. 10a). Overall, the deviation from the ideal
settings resulted in changes of less than 10% in the
length and the width measurements. The effect of the
smoothing parameter was relatively more dominant.
When decreasing the smoothing level from 5 to 1 the
length and width measurements of a single CNC in-
creased. When decreasing the smoothing level, less
noise was removed and noisy pixels attached to the
edge of the CNC, which consequently increased the
dimension measurements. Figure 10c shows an exam-
ple where the CNC outline includes attached noisy
pixels, effectively increasing the width of the CNC as
compared to the outline at the idealized settings shown
in Fig. 10d. In general, the width measurements were
affected more than length in terms of percentage
change, which is due to the fact the lengths of the
CNC:s are significantly larger than their widths. Length
and width measurements of the CNCs were less
affected by the changes in the sharpening filter
parameter. Lowering the sharpening level from 5 to
1 increases the degree of smoothing which generally
resulted in less defined edges. While length measure-
ments were somewhat less affected by the sharpening
level changes, width measurements usually decreased
with lower sharpening levels. The apparent length or
width change discontinuity at smoothing level 3
(Fig. 10a, b) is a random artifact of the noisy pixel
attachment described above.

For the general tracking of all CNCs within the
TEM image, the smoothing and sharpening parameter
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¢ SMART identification of CNC edges for a non-ideal
parameter combination (smoothing level 1 and sharpening level
5), in which less smoothing results in more background noise
pixels attached to the CNC. d SMART identification of CNC
edges for the ideal parameter combination, in which higher
smoothing results in less noise

values can modify the shapes of the objects, which
then subsequently alter their groupings (e.g., isolated
CNCs). When the idealized parameter levels are used
(5 for both smoothing and sharpening), the SMART
system can consistently identify various CNC group-
ings and individual CNCs (Fig. S6a, b). For poor
selections of parameter values, parallel stacked CNCs
or fragments of overlapping CNCs or noisy pixels can
blend together during image processing and are
subsequently falsely identified as individual CNCs.
In general, changes in sharpening had a small effect on
CNC shape, CNC grouping classification and CNC
identification, while changes in the smoothing param-
eter to level 2 or 1 had a pronounced effect. Fig. S6¢c
shows an example of CNC grouping classification
when the smoothing parameter is decreased from the
ideal level of 5 down to 1. By comparing Fig. S6b to
S6c, it is noticed that a much lower number of isolated
CNCs are identified (i.e., from 14 down to 2, “red”
objects), which is a result of objects blending together
and no longer meeting the selection criteria used in the
identification of isolated CNCs. The comparison of the
resulting dimensional measurements of isolated CNCs
across the various parameter settings demonstrated
that for moderate changes from the ideal parameter
setting, the change in dimensions was less than 10%.
Larger differences in measurements were only
observed when the smoothing parameter was at level
2 or 1 and resulted from a much lower number of
individual CNCs that were identified.
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For the AFM image, a summary of the percent
changes to length of a single CNC tracked through all
25 parameter combinations is shown in Fig. 11. The
ideal image processing parameter for AFM images is
level 1 for both smoothing and sharpening, and this
was used as the reference point in calculating the
percent change (green data point in Fig. 11a). For any
deviation from the ideal settings (e.g., any combina-
tion of smoothing or sharpening) the change in length
measurements was small (less than 11%), while the
height measurements were unaffected (i.e., less than
0.1 nm change). The effect of the smoothing param-
eter was more dominant than the sharpening param-
eter. With increasing smoothing parameter from 1 to 5
the length measurements of a single CNC decreased
up to 11%. When the smoothing parameter was
increased, the zone over which smoothing is calcu-
lated increased and with the low pixel density of the
AFM images this zone increasingly included more of
the CNC; as a result: (1) the tails of CNCs can be cut,
decreasing the length of the CNCs (Fig. 11c¢), (2) some
short and thin CNCs are removed, and (3) regions
along CNC length or CNC agglomerates can be cut,
making it possible to produce false isolated CNCs. The
effect of sharpening level was minimal on CNC length
measurements, for which the length changed by less

a 2
g

0 &—¢g
—_ N\
R 2
o N
> 4 LN
_g ,\\\\
£ ° 2
2 _g | —©— smoothing levelt 8
o *—— smoothing level2

10 smoothing level3

- —8— smoothing level4

12 #z— smoothing level5

1 2 3 4
smoothing level

Fig. 11 Effect of different SMART parameter values on the
CNC dimension measurements for an AFM image, where the
ideal parameter setting (smoothing level 1 and sharpening level
1) is highlighted with the green dot. a Percentage change of
length for different parameter levels. b SMART identification
of CNC edges for the ideal parameter combination. ¢ SMART
identification of CNC edges for a non-ideal parameter combi-
nation (smoothing level 5 and sharpening level 1). Excessive
smoothing results in the ends (or tails) of the CNC blending into
background noise pixels and being trimmed off in SMART
analysis

than 3% even when sharpening was increased to the
maximum of 5. This small effect of changes in
parameters on the final CNC identification and mea-
surement is likely due to the sufficiently high contrast
between the CNC edge and the substrate for the AFM
images.

When all objects within the AFM image were
tracked across all parameter settings, the amount of
interaction between neighboring CNCs and noisy
pixels as the parameters shifted further from ideal
settings was much lower than what was observed in
the TEM images. This resulted in more consistent
identification and dimensional measurements of iso-
lated CNCs across all parameter settings. The SMART
image analysis was able to consistently identify
various CNC groupings and individual CNCs
(Fig. S7). In general, changes in sharpening and
smoothing had a small effect on object shape,
classification and CNC identification. By comparing
the various CNC groupings and individual CNCs at
ideal parameter settings (Fig. S7b), to that of the
worst-case parameter settings (e.g., 5 for smoothing) it
is noticed that most groupings are similar, and many of
the same isolated CNCs are identified (Fig. S7c).
There are small differences in the numbers of the
isolated CNCs that are identified, from 20 down to 16,
with 12 being the same CNCs. The changes were
associated with the disappearance of small CNCs
either when they were “smoothed” into the back-
ground noise or when the object aspect ratio was
lowered to the point where it no longer satisfied the
selection criteria used in the identification of isolated
CNCs. The comparison of the resulting dimensional
measurements of isolated CNCs across the various
parameter settings demonstrated that for most changes
from the ideal parameter setting, the change in length
was less than 6%. Note that the height measurements
were unaffected. Larger differences in length of
8-11% were only observed when the smoothing
parameter was at levels 4 or 5.

The parameter study demonstrates that for small to
moderate deviations from the “ideal” parameter
settings, the effect on CNC identification is small,
and the change in the individual CNC dimensional
measurements is less than 10% for both TEM and
AFM images. Also, independent of the “true” values
of CNC dimensions, the parameter testing study
demonstrated that the SMART approach can in
principle remove some of the subjectivity associated
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with deciding whether a feature is one or two particles.
AFM height measurements exhibited negligible
change since the detection of center region of CNCs
was not affected.

Case study

The SMART system was compared to the previous
manual measurement of TEM and AFM images from a
large image data set for the CNC certified reference
material, CNCD-1 (Jakubek et al. 2018). In the
reference paper, dimensional measurements from
manual analysis of isolated CNCs from 434 TEM
images and 66 AFM images were reported. While the
TEM images were analyzed by one analyst, the AFM
images were independently analyzed by 2 analysts.
The SMART system performed image analysis on the
same TEM and AFM images, and the results are
reported here. The reported results included the total
time to complete the analysis, the CNC dimension
measurements, the area fractions of total CNC area
over the image area, and the ratio of isolated CNCs
over the total CNC area.

SMART analysis on the 434 TEM images (analysis
completed in groups of 64-117 images at a time)
identified and measured a total of 2177 CNCs using
the selection criteria described earlier (aspect ratio
greater than 2.5, major axis length larger than 15 nm
and lesser than 250 nm, minor axis length lesser than
15 nm, and width-based ratio lower than 1.5). The
analysis of 2177 CNCs took 43 min on a desktop
computer with i7 processor (16 GB RAM, 3.7 GHz),
which is approximately 1.2 s/CNC. An estimate for
manual measurements completed by a trained analyst
using ImagelJ software is 30 s/CNC. The comparison
of CNC dimensions from SMART and manual
approaches is presented as histograms in Fig. 12.
These histograms are suitably normalized to account
for the differences in the numbers of measured CNCs
(N = 1909 for manual analysis, N = 2177 for SMART
analysis). Length histograms of both analyses show
similar trends, whereas the width distribution obtained
by the SMART approach is narrower than from the
manual approach. The difference in width profile
may be caused by: (1) the SMART approach using an
averaging method to assess width while the manual
approach measures a single width line, (2) some of the
CNC:s identified are different from those identified in
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the manual approach. The mean values for both length
(Lsmart = 80.1 nm) and width (WsparT = 7.7 nm)
are very similar to the manual measurements (Lyanual
= 82.5 nm and W anua = 7.7 nm). For the 434 TEM
images analyzed, the ratio of total CNC area over the
image area was 5.6%, and of this CNC area, 13.4%
belonged to isolated CNCs (i.e., particle that were
measured), indicating that the countable isolated
CNCs are only a small portion of all available CNCs
on the sample surface.

For SMART analysis on the 66 AFM images
(analysis completed in groups of 12—-14 images at one
time) a total of 1403 CNCs were identified and
measured, using the selection criteria (aspect ratio
greater than 2, major axis length larger than 15 nm and
smaller than 300 nm, minor axis length less than
30 nm, width-based ratio lower than 1.5 and height-
based ratio higher than 0.7) described earlier. The
analysis of 1403 CNCs took 7.5 min on a desktop
computer with i7 processor, which is approximately
0.35 s/CNC. An estimate for manual measurements
completed by a trained analyst using ImageJ or
Gwyddion software is 30 s/CNC. The comparison of
the measured CNC dimensions from SMART and
manual approaches is presented as histograms in
Fig. 13. SMART results were also compared with the
second manual analysis and this comparison is
provided in the supplementary material, Fig. S8.
SMART analysis shows similar size distribution
trends with both analysts for both length and height
measurements. The mean values for both length
(LsmarT = 79.9 nm) and height (HgyarT = 3.8 nm)
are very similar to the manual measurements (L
val—1 =76.3 nm, Lyanua—2 = 78.0 nm, and H ,4nua1—1 =
3.4 nm, Hpanua—» = 3.7 nm). For the 66 AFM images
analyzed the ratio of total CNC area over the image
area was 14.1%, and of this CNC area, 14.1%
belonged to isolated CNCs, indicating that the count-
able isolated CNCs are only a small portion of all
available CNCs on the sample surface. Compared to
the TEM images, there are more isolated CNCs in the
AFM images although they are still a small portion of
all available CNCs on the sample surface.

The CNC image analysis performed by the SMART
approach for both TEM and AFM images was in good
agreement with the manual approaches reported by
Jakubek et al. (2018), attesting that the SMART
approach is “as good” as the manual approach. It is
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Fig. 12 TEM image analysis comparison, SMART (N = 2177)
versus manual analysis (N = 1909) for the same 434 images.
The histograms of SMART and manual analyses are overlaid.
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Fig. 13 AFM image analysis comparison, SMART (N = 1403)
versus manual analysis (N1 = 1567) for the same 66 images.
a Histogram comparison of length measurements, b Histogram

interesting to note that despite the large differences in
image contrast and resolution between TEM and
AFM, the small adjustments to the SMART approach
were able to accommodate these differences and still
identify and measure CNCs as well as the manual
approaches. One notable difference between the TEM
and AFM image analysis by the SMART approach is
the shorter time per CNC required for the AFM image
analysis. Two possible reasons for this are, (1) the
higher contrast and lower image resolution of the
AFM images required less computational time for the
SMART approach, and (2) fewer AFM images had to
be analyzed due to the higher overall CNC density per
image.

The SMART approach indicates that the TEM and
AFM measured CNC mean lengths are in excellent
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a Histogram of length measurements, b histogram of width
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agreement, although the AFM measured mean length
was lower than the TEM measured mean length in the
initial characterization study (Jakubek et al. 2018).
The same mean CNC length was also measured in a
recent interlaboratory comparison (Bushell et al.
2021). The observation of a larger TEM width than
AFM height has been attributed to the presence of
laterally aggregated CNCs that are not detected in the
TEM images. A detailed discussion of the differences
between AFM and TEM measurements is beyond the
scope of the current study; the reader is referred to
previously published papers using manual analysis
(Bushell et al. 2021; Jakubek et al. 2018; Meija et al.
2020).
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Conclusions

A comprehensive image processing system, SMART,
was introduced for the semi-automatic analysis of the
CNC morphology from TEM and AFM images.
SMART system utilizes a multistep approach that
includes: pre-processing to enhance the image, group-
ings to identify specific classes of CNCs, and compu-
tationally  efficient  algorithms  for  digital
measurements of the CNC dimensions. The proposed
protocols provide consistent and reliable results and
can in principle remove some of the subjectivity
associated with deciding whether a feature is one or
two particles. The SMART system’s performance and
accuracy was validated in multiple comparisons using
previously reported data sets of TEM and AFM
images of a CNC reference material. When comparing
measurements on the same set of CNCs, the SMART
system measurements were very similar to that of the
trained human analyst. The sensitivity of parameters in
various image analyses functions was systematically
evaluated. It was demonstrated that for small to
moderate deviations from the “ideal” parameter
settings, the effect on the CNC groupings is small,
and the effect on the individual CNC dimensions was
less than 10%. The case study comparing the SMART
versus manual approach of a large TEM and AFM
image data sets, 434 and 66 images, respectively,
demonstrated that the SMART approach could detect
a similar number of individual CNCs, and produce
length, width, and height distributions of CNCs that
were comparable to those obtained from the manual
approach. For TEM images, the SMART measured
mean length, length distribution and mean width were
the same as the manual measurements, but the width
distribution was narrower than that of the manual
measurements. For AFM images, the SMART mea-
sured mean length, length distribution, mean width
and width distribution were the same as the manual
measurements. The SMART system completed the
analysis in 43 minutes for TEM images, and 7.5
minutes for AFM images, which is estimated to be 25
and 85 times faster than the manual approach using
ImageJ or Gwyddion software, respectively. Addi-
tionally, the SMART system demonstrated that CNCs
accounted for 6% and 14% of the image area for TEM
and AFM, respectively and that only approximately
15% of the CNCs were isolated particles.
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