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SUMMARY

This thesisaddresses the challenges in the investigatiorethdilose nanocrystals
(CNC) paticle size measurementssing transmission electron microscopy (TEM) and
atomic force microscopy (AFM) image analysi¢éandarding particle size measurements
an important step in the design and optimization of the processes employed in the
manufacture and utilization of CNCE&urrent protocols used in the analyses of CNC
particle morphology fomTEM and AFMimages are largely manual and thec@nsuming,

and often produce inconsistent results between different researchers.

Chapter lintroducesa new semautomated image analysisafmework that can
reliably and quickly detect and classify CNCs from TEM and AFM imageasure their
dimensionsa n d each particl eds , dnetpavide edditiosah a p e
informationaboutdifferent CNC configurations withithe imagesChapter Z2xplains the
development ofthis framework named as CNGMART (CNC i Standardized
Morphology Analysis for Research and Technologwhjch utilizes different automated
and semiautomated image processing workflowlhe viability of his framework is
demonstrated in thisork using exemplar images obtained for a National Research Council
Canada certified reference material, CNCDThe results obtained from the SMART
approach presented in this work are compared critically againstsbksr obtained from
the conventional manual approaches. These comparisons revealed a good agreement
between the manual and SMART approaclasl proved thatCNC-SMART can
expeditiously process highroughput image data using these workflows while being

minimally impacted by human error and variability.
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Chapter 3 and Chapteradle twodifferentdemonstrations of CNSGMART which
can be considerethse studiem whichthe SMART approaclwasadapted and improved
for further applications Ca® studies are anxénsion of an intelaboratory comparison
(ILC) researclon CNC particle size measurements performed by ten participating research
laboratories using TEM and AFM imaginGollaborating with different researchers and
using differenimagedatasetsvith varying imageproperties such as noise and contrast
helped refine th&MART approactio be a more versatile system with more capabilities

that were not primarily considered duritigg initial developmenphase

The SMART codewill be available for the public to use for free at Github

(https://github.com/seyucel/CNEMART) by August 2022.
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CHAPTER 1. INTRODUCTION

1.1 Background on cellulose nanocrystals

Cellulose Nanocrystals (CNGCsklso occasionally named asanocrystalline
cellulosei NCC, cellulose nanowhiskeisCNW, are cellulose based nanosized, spindle
shaped nanoparticles of typical lengthZED nm, width &0 nm, and aspect ratios of-~3
30, extracted from various cellulose sources such as trees, plants, recycled paper products,

by the strong acid hydrolysis meith[1-8].

Depending on the source and extraction process parameters, CNCs come with
varying particle morphologies (e.g., length, width) and size distributions. CNCs exhibit
various desirable features including high aspect ratio, low density, low thermal expansion,
stiffness and streng{lseeFigurel for a comparison ofasingle@\N6 s mat er i all pr c
specific elastic modulus and specific tensile strength, with the other popular engineering
material$, selfassembly structures, bmmpatibility, sistainability, biodegradability
and scalability, making them attractive for uses across a wide application space, such as,
composites, rheology modifiers, flexible electronics, drilling fluids, biomedical, cosmetics,

food coatings and packaging, €t@-19].
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Figure 1 Elastic modulus/density vs Tensile strength/density plot for various
engineering materials. Red rectangle on the upper right corner represents the
property of a single cellulose nanocrystd]l3]

Different process parameters of CNC production such as cellulose source, acid
hydrolysis and dispersion parameters strongly affect CNC structure (i.e., particle
morphology and CNE&NC connectivity).Furthermore CNC structure is also strongly
related to poperty and performance of CNCs when added to fluid sys{erq., as a
rheology modifier) or solid systems (e.g., as polymer reinforcement ph2@&y).
Howevae, the efforts aimed at optimizing CNC production, quality control, and use in
various apptations have been hampered by the lack of standardization for CNC material
characterizatiorwhich is primarily caused by thiact that quantédtive measurement of

CNC morphologyis quite challenging25-28§).



1.2 Challenges in characterizing CNCs via particle size measurements

The first factor that makes CNC particle size measurements challefgirgny
characterization methaslabout the material related issues sasBNC® i rr egul ar
(i.e., not perfect rectangles or ellipses),aut@ize distributions, and strong propensity for
agglomeration and aggregatiorhere are several methods used to assess CNC particle
morphology such as, dynamic light scattering (DUS$) 29, 30], flow field fractionation
[31-33], transmission electron microscopy (TENB6, 28, 34-36], and atomic force
microscopy (AFM)[23, 34, 37-39]. The most widely used methods are TEM and AFM
image analysi¢seeFigure2 for representative TEM and AFM images of CNQ=)t both
microscopybasedmethals bring their own imaging and image analysis related isBues
addition to the beforementioned material related iss¥&de imaging issues at®msed on
the limitations from the measurement technique or equipmieself which will be
explained in the next sectignsnage analysisssuesare currently associated wittithe
conventional nature of the manumlageanalysisThese image analysis related issues can
be listed assuch astime-consuming procedurgsubjectivity (i.e, analyst bias), and
inconsistencyduring the image analysig.he procedures to select and measure CNCs
require oneby-one selection of target CNCs by manually drawing lines over them or
encircling them[28] (Figure3) mostly using Image40] for TEM images and Gwyddion
[41] for AFM images. This manual selection is the main reason for the inconsistent

measurements from run to run, lab to lab, and analyastadyst, as the identification of

CNC edges can be very challenging, and users select different target CNCs to measure

within a given image. Such inconsistencies affect the reliability of the morphology data

that is subsequently used in optimization of@production, and their utilization.
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Figure 2 Representative Transmission Electron Microscopyi TEM (part a) and
Atomic Force Microscopyi AFM (part b) images of CNCs

1.2.1 TEM related challenges

TEM is extensively advisednd usedor the particle size measuremerdf a wide
range of nanomaterialmcluding CNCs[42-47]. Using TEM imagesCNC partc | e s 6
length and width can be measumed manual wayhere the analyst needs to draw a line
over each single CN@ an imaggFigure 3a). However,imagingand measting CNCs
via TEMcoulch 6t al way s b evhea thée is @ot endughecansrastl bgtween
CNC patrticles and the backgrouaicka In addition toobtaininggoodcontrasimagesone
should alsocarefully performthe image acquisbn process without introducing noise
which canmake the identification othe periphery of the CN@egion very difficult.
Although CNC sample preparation process for THds already negativestaining step
which is performed tancrease contrast between C&@nd their backgroundregular

shapes of CNCs and level of agglomeratianstill complicateto distiguish CNCs from



the backgroun@47]. Other than thédow contrastwhich is primarily caused byé sample
preparation limitationsadjusting optimal operating voltageand magnification (i.e.,
imaging aregpis alsoanother challenging task for obtaig good qualityTEM images of

CNCs[49].

" a3 00

LS oy, 0950 v L2381 e

Figure 3 One-by-one selection of CNCs from TEM (part a) and AFM (part b) images

1.2.2 AFM related challenges

AFM is another imaging methow obtan nangarticle measurementsvhich is
very popular among CNC communit23, 37, 49-52]. While TEM imagingis used for
length and width measurements, AFM is usedniasurelength and heighof CNC
particlessince AFMscansamplesurfacevia a probewith avery shap tip (e.g,a tip radius
of 10 nm)[48]. The analysheeds tagain follow the same manual line drawing procedure
as the current statef-the-art of measuring CNC particlg&igure3b). AFM provides high
contrast images comparéo TEM and also requires a ledstailed sample preparation

processHowever there aretherissuesabout imaging CNCs via AFMhich arethe time



required to completthe scanningof the entire sample surfaead tip convolution effect

(artificially increasing particle width and lengtinfroduced by the AFM i [48].

Both methodshave different advantages and disadvantages in termexjoired
expertise andime for sample preparation and imagirifyen though there is no single
recipe to address all tle#orementionedssuesfollowing chaptes presenta detailed and
comprehensivguidelineto understand the effectf imaging and image analysedated
issues on the CNC size measuremarsing a very diverse group of TEM and AFM

images.

1.2.3 Analyst Subjectivity and Inconsistency

For reliable size measurements that can be useful for fytxoreessstructure
property studies,it should bevery clearly defined that the measurememise zero or
minimum analyst biasiVhen there is a high variation in tparticle size measurements
obtaired bydifferent analysts but for the same material/sangig further research should
considerandcritically questiorthis variation To test the image analysis protocm®btain
CNC particle measurementssarvey study was conducted five researclaboratoriego
analyse the same dataset consistth§0 TEM images o reference CNC materigdix
different analysts from these 5 different latbsntified andmeasueddifferent numbers of
CNCs where the numbers of CNCs fréine same set oFEM images vary fron127 to
442 In addition to the number of measured CN@sr@ was also a highariationin the
mean lengtlti.e., changing from 71.1 to 105 nimd width(i.e., changing fron7.0 to 10.0
nm) values(seeError! Reference source not found) [47]. Even for a smallTEM image

dataset, analystubjectivity was able tocausea significant variation(e.g.,more than30



nm length differencebetween minimum and maximum mean lenythgthin the

measurement results.

Table 1 Summary of TEM image analyses performed by @nalysts*

Length, nm Width, nm
Lab n Mean Std dev Median Mean Std dev Median
Lab 1, analyst 1 284 98.6 47.2 89.3 9.8 3.4 9.1
Lab 1, analyst2 127 71.1 29.2 67.3 9.0 2.4 8.7
Lab 2 244 77.1 35.8 70.7 7.0 2.1 6.8
Lab 3 370 105 47.4 95.9 10.0 5.4 9.6
Lab 4 442 76.3 37.0 72.3 9.5 3.8 9.2
Lab 5 216 71 28 66.1 8.1 2.3 8.0

*Table 1 was adapted fropd7].

Anothersurvey studywas alsgoerformedby two analystdo observe analyst bias
using the same AFM image datagdile keepinghe number of measured CNCs at 300
Similar to the TEM studysince the analysts chose and measured the CNCs differently
(Figure4), they ended up with varying length and height measurenfenéyst tmean
length: 91.0 nm and mean height:2 nm analyst 2mean length: 109.4 nmnd mean

height: 4.2 nm[48§].

7.9 nm

6.0
5.0
4.0
3.0
2.0

1.0

0.0

Figure 4 Comparison of two AFM image analysigo visualize different CNC selection
[48]



As afurther effort to minimize analyst bias and to test theonsistencywithin
measurement$wo analysts measured the same 100 Cii&@n the previous AFM image
dataset.While length measurements wevery close,height measurements still had
noticeabledifference(analyst mean length: 8.9nm and mean height:@nm, analyst 2
mean length: 9.4 nm and mean height:54nm). This heightdifferencebased on théne
drawing procedure where the line shogddover the middle of the CNC but re@imewhere

near the edgptg].

1.3 Background on the standardization and automation ofmorphology analysis

processfor different material microstructures

Automating the microstructure quantification and particle morphology analysis
through diffeent microscopy images has been drawing the attention of materials data
scientists and experimentalists with the purpose of accelerating materials discovery and
development[53]. Depending on the material microstructure, preferred microscopy
technique, and desired microstructure information, automation of the image analysis can
be performed fully or partipl using existing image processing algorithms. Particularly,
microstructure quantification of different metals has been successfully studied using
optical images of steels to obtain spatial information of grains with their size and
orientation[54] or using TEM images of metal nanoparticles to provide shape information
with specific metrics like aspect ratio, eccentricity, and §éh It should be highlighted
that these studies used images with low noise and high edge contrast (i.e., both grain

boundaries and metal nanoparticles were considerably darker than the grain aegions



background regions, respectively) which facilitated easier object identification. Similar
image processing operations (i.e., image enhancement, segmentation, object identification
and measurements) were also deployed for the microstructure quaotificapoly (3
hexylthiophenenanofibers to obtain fiber orientation and alignment information using

AFM imageg[56, 57].

All these mentioned studies and many other similar wii&s60] contributed the
field of digital material characterization by extracting microstructure information with
more informative and representative statistical distitims of size, shape, and/or
orientation. Following chapters will introduce a seamtomated image analysis framework
specifically developed for CNC particle morphology analysis using TEM and AFM
images, but this developed system can also be further texteatiapted for other materials

with grainy, fibril, or circular microstructures.

1.4 Research objective and expected significance

This thesis aims to improve and standardize morphology analysis for AFM and TEM
images of CNCs and subsequently promote CNCracierization for different
applications. To achieve that, the thesis is divided intogarts As the firstpart a sem
automated image analysis framewuards developed to quantify the structure (particle size
and grouping) of CNCs in an accurate, cstsit, and timefficient way. This framework,
named as CNGMART (CNC1i Standardized Morphology Analysis for Research and
Technology), utilizes different automated and seamtbmated image processing

workflows. CNGSMART can expeditiously process higfiroughput image data using



these workflows while being minimally impacted by human error and variability. The
secondpart is the utilization of the developed framework over case studies so that the
SMART approach can be adapted and improved for furtherrdds€ase stueks arean
extension of an inter-laboratory comparison(ILC) study on CNC particle size
measurementgerformedby ten participating research laboratoriesingTEM and AFM
imaging [47, 52]. Demonstrating SMART capabilitiega an automated image analysis
approach on varying image qualitiescan help developing standards for CNC

characterizatiof47].

Having the ability to measure particle dimensions (i.e., length and width) from a large
population of CNC patrticles in a vershort amount of time caalso allow further
investigation into length and width correlations for different CNC processing conditions
[61], different cellulose sourcg®3, 61], and CNC production from different laboratories
[37]. Lastly, though SMART was designed for CNC ematls, it may also be applicable to

other similarly shaped nanoparticles systems (e.g., chitin).
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CHAPTER 2. CNC 1 SMART: A SEMI-AUTOMATED IMAGE
PROCESSING WORKFLOW TO STANDARDIZE

MORPHOLOGY ANALYSIS OF CNCS

2.1 SMART overview

SMART framework with variousmage processing algorithms, ranging from
simple to complex, has been developed to automate the detection and quantification of
CNCs in TEM and AFM images. Regardless of the complexity level, these algorithms
provide both extensive and computationally @éint analysis by utilizing existing image
transformation methods such as filtering for image enhancement, segmentation and chord

length analysis for measuring particles easier and fg&2pr

To quantify CNC particle morphology, it is necessary to: i) have high quality digital
images from which measurement can be made, andvg haconsistent and reliable
method to correctly identify and measure individual CNCs. Obtaining high quality digital
images incorporates several factors, such as, a fine dispersion of individual CNC patrticles
with minimal CNGCNC contact or overlapping pis, and having a uniform contrast
across the image, while maintaining high edge contrast between CNC particles and the

supporting substrate.

SMART approach is a mulstep proceséFigure5) that includes: prgprocessing
to further refine images to facilitate measurement, CNC grouping classification to target
measurement approaches, and new digital measurements and parameterization tools better
suited for CNC detemn and detailed CNC groupingThe developedimage analysis
framework is named CNGC Standardized Morphology Analysis for Research and

Technology (SMART]62].
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Figure 5 lllustration of the SMART workflow introduced in this chapter

2.2 Sample preparation and imaging for CNCs

The image analysis metheodhs developed using images obtained as a part of the
characterization of a CNC certified reference material (CN¢Produced by the National
Research Council, Canadstp://www.nrc.ca/crifn CNCs were generated by fulc acid
hydrolysis of softwood pulp, followed by neutralization with NaOH. This material has been
fully characterized for several physical and chemical properties, including size
measurements by dynamic light scattering, TEM and AFM. Methods for CNbE@rdisn
by ultrasonication and preparation of samples for microscopy measurements are reported
in [28]. TEM samples were prepared by depositing 0.02 wt% CNC agueous suspension
onto a plasmaxposed carbenoated copper grid and then stained with uranyl acetate to

improve contrast. The use of negatively stained CNCs allows higher magnification with
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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 alpbfgine coated mica, a method

that provides more homogenous samples with a larger fraction of individual CNCs per
image. The initial characterization of CNED and a subsequent interlaboratory
comparisorthat utilized this material have optimized the sample preparation and image
acquisiton/analysis methods and provide the baseline for comparison of manual image

analysis with the serautomated approach developed here.

2.3 Image enhancement/preprocessing and segmentation

To make the CNCs distinct and stand out within TEM and AFM imagesyeeace
of image processing algorithms were used: i) contrast enhancement, ii) sharpening, iii)
noise removal (smoothing), and iv) image segmentation. The contrast enhancement
algorithm helps to separate CNCs from the background, and it is based onediscret
histogram stretching methd@3]. A grayscale image genegsahas pixel values ranging
between 0 and 255. The algorithm maps the pixels values of background regions to the
values closer to 0 and the pixel values of CNC regions to the values closerto@&ver,
most raw images do not use the full range of grales. The histogram stretching expands
the range to utilize the full range of grayscales by mapping the pixel values of background
regions to the values closer to 0 and the pixel values of CNC regions to the values closer
to 255.Depending on the imagedy and the contrast of the raw image, the level of contrast
enhancement changes. TEM images have lower contrast that AFM images, and thus require
a higher level of enhancememhe level of contrast enhancement is adjusted automatically

by thishistogram setchingalgorithm for the different raw images.
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Figure 6 Visual workflow of SMART image analysis. Front row is for TEM image
analysis steps:a) raw image, b) contrast enhanced, denoised and sharpened (pre
processed) image, cegmented image, and d) image with color coded CNC groupings
Bottom is row for AFM image analysis stepse) raw image, f) preprocessed image,
g) segmented image, and h) image with colmoded CNC groupings. The color
coding: red for isolated CNCs, light blue for border CNCs, and yellow for
agglomerated CNCs

The noise removal smooths the images by adjusting undesirable pixel values (i.e.,
lighter pixels in the background region or darker pixels in the lighter CNC region). TEM
images typically haveaisier backgrounds and edges than AFM images, and thus require
a higher level of noise removal. However, since edges need to be preserved,-an edge
preserving median filter is preferred to the more standard smoothing algorithm such as
gaussian filter[64]. The sharpening algorithm is performed to make the edges and
interfaces (e.g., CNCNC) more distinct[65]. Lastly, a segmentation method called
adaptive thresholding is used to segment the processedajeaiysage into a binary image
of only 06s (background) and 16s (CNCs),
threshold value and assigned either O (pixel value is smaller than the threshold) or 1 (pixel

value is higher than the threshol@p]. More detailson the segmentation method used in

14



SMART are provided agnd of thissection.The raw imageKigure6a, 6, gray scale pre
processed imagd-igure 6b, f) and the final segmented imadeédure6c, g are shown
below for TEM and AFM images, respectively. This final segmented image iditstea
the nextimage quality assessmemind ifthe noise and contrast calculations from that

assessment arot problematicthe segmented image is used for the gfepyping.

Details on the segmentation method in SMART framework:

The segmentation method is called adaptive thresholding and the threshold value for
each pixel is calculated by calating local mean intensity in the neighborhood (NxN) of
each pixel. The neighborhood size is calculated with following formula

Ece Aieiy £20P PABIEEICE | ABEBI COE
- ARG A DEGAIN COE

where upper limit for minor axis length is defined asni» and pixel length is provided
by the imaging person (i.e., for the given TEM dataset, the pixel length was 0.311 nm).

The resultant N number is then rounded to the nearest odd integer.

If the center pixel has a lower grayscale intensity value thanmean of its
neighborhood pixels, it is segmented into the black phase (background region). Otherwise,

it is segmented into white phase (CNC region).

2.4 Image quality assessment

Image quality influences how effective SMART is at the identification and
measirement of CNCs. Images were analyzed qualitatively (e.g., CNC density, and

individual CNC selection) and quantitatively (e.g., CNC groupings, image noise and
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contrast). To quantify image noise and contrast, SMART first performs image
segmentation so tha&ach pixel in the image is either assigned as CNC or background.
Each pixel has grayscale density valustweer0 to 255, and the segmentation process,
which was explained ithe preprocessing section and aur initial study indetail [62],
assigns 006s for backgr ouhedrigmal gragdale valmaesdf 1 06 s
background pixels (black pixels Figure7b) are analyzed (the histogram of these pixel
values is shown with blue barskigure7c), and the standard deviation of these values is
used to parameterize the background noise of the image. If the background region consists
of pixels with a large variation in grayscahiensity values (i.e., high standard deviation),

it appears as a noisy and grainy background that challenges the detection of CNC edges.
The original grayscale values of CNC pixels (white pixelgigure7b) are also analyzed

(the histogram of these pixel values is shown with orange beigure7c). The difference
between thenean of CNC pixel values and the mean of background pixel values is used
to parameterize the contrast of the image. This difference is represeatad gure7c

where black vertical lines show the means of both histograms.

Cc i ‘ D background
pixels

‘ CNC
pixels

Number of Pixels

0 50 100 150 200 250
Intensity values

Figure 7 Image quality assessment on an example TEM image. a) Original (grayscale)
TEM image with pixel values from 0 to 255. b) segmented image with pixels either 0
or 1. c) Histograms of the grayscale intensity values of backgroun(blue bars) and

CNC (orange bas) pixels. The black vertical lines show the mean values (120 for
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background and 150 for CNC pixels), and
Noise is the standard deviation of the blue bar histogram (backgrounplixels).

It is expected that TEM iages of CNCs generally do not have good contrast unlike
some other materials such as gold or silver nanoparfi@ésef] . SMART analysis of
varying CNC TEM images suggests that the contrast between background and CNC
regions should be more than 25 whielpresents 10 % of the available image range (i.e.,
grayscale images have pixel intensity values from 0 to 2Afigr SMART system
analyzed the example TEM image below (a), its conti3stvés calculated as 30 (mean
of orange bars (150) mean of blue &rs (120)). 10 % of the intensity range is just a
suggested value for the contrast calculations. There were other images from the ILC study
which had lower contrast values (i.e., lower than the suggested value, 25), but other factors
such as the backgroumsise and CNC dispersion also affected SMART performance in

terms of capturing or missing the CNCs within the images

2.5 CNC identification and grouping

The spreading of CNCs within the image influences the ability to obtain the desired
geometrical measuremsn The ideal configuration with uniformly spread, well separated,
CNCs is difficult to achieve; 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 CNCs (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 stg&kgdie8).
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Figure 8 Schematic showing different CNC configurations typically observed in TEM
and AFM images

2.5.1 Course groupingriteria: Ellipse fitting

The CNC groupings are identified using a matep procedure. The first step in
this process involvelabelling individually all of the unconnected foreground objects in
the segmented imagdsigure6c,g). This step will identify isolated (individual) CNCs and
agglomerated CNCs as uniquelgbelled objects that could be further analyzed
individually. Thelabellingof all unconnected foreground objects is accomplished using a
built-in MATLAB function bwlabel [67, 68]. 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 théddikTLAB function
imclearborder[68, 69]. The border CNCs are shown with light blue coloFigure6d, e.
The ranaining 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 thelMIATLAB function
regionpropg68], which estimates the major and minor axes lengths of each unconnected
object by encapsulating it within an ellipgegure9). In order 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 limitation (e.g.,
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minimum and maximum lengths @hajor 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 inpiotr 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.

aﬂ é’ bé %
Figure 9 Schematic showing a) an isolated CNC and overlapping CNCsnd b)

isolated and overlapping CNCs with their corresponding elliptical construct overlaid
(black line).

The parameters used for TEM images included aspect ratio greater than 2.5, major
axis length between 15 nm and 250 nm, and minor axis length ohkess5 nm. The
parameters used for AFM images included aspect ratio greater than 2, major axis length
between 15 nm and 300 nm, and minor axis length less than 30 nm. These parameters were
selected based on prior reports in the literatf@8234], and should be adjusted as needed.

The initial study focused exclusively on isolated CNCs; future analysis explore
approaches to analyze the other CNC groupings. The fit to an ellipse described above is
used ory for the grouping of CNCs into the different classes. Subsequently, other
advanced approaches are used for accurately quantifying the geometry of the individual

CNCs(fine grouping)
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2.5.2 Area fraction

Area analysis is an additional metric that SMART eamploy to characterize the
CNC configuration within TEM and AFM images. The area patagesof individual,
agglomerated, and border CNCs with respect to the total image area or total CNC area can
be calculated. Each area value is obtained by counting the pixels of eaetott@drgroup
(e.g., area of isolated CNCs is the number of red pikasire6d and ). While the total
CNC area is the total number of all CNC pixels (i.e., sum of red, yellow, and light blue
pixels,Figure6d and I, the total image area is the total number of pixels in an image (e.g.,
TEM images are 2048 x 2048 pixend AFM images are 512 x 512 pixedgnerdl).
Calculating these area percerdag SMART can provide additional details on the

configuration, sizeand area percent of each group.

The area fractions of isolated and agglomerated CNCs provided by SMART can be
used to provide a quantitative assessment of the CNC density within TE/sIm&orrect
identification and measurements of the CNCs depend on how well dispersed the CNCs are
on the TEM gridAssessment of the CNC density was performed by relating the total CNC
area to the total image area as well as to the specific CNC groangag (i.e., isolated,

agglomerated, and border).

2.6 CNC patrticle sizeand shapeanalysis

2.6.1 Chord length analysis for length and width

For each isolated CNC identified within the segmented im&gguile 10a),

SMART analysis rotates object such that the major axis lies parallel to the horizontal x
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axis Figurel0b). Line segments (chords) in x and y directions are then measured for both
major and minor axis directions, respectivafygire 10b). 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 constrct cord length profiles that are used for analySigure10c, d). For the
example shown idrigure 10, the length profile is based on 45 separate horizontal cord
lengths, while the width profile is based on 272 separate vertical cord lengths. The number
of cord lengths used to build the profile is based on the particle aspectral the pixel

density of the image. The protocols to efficiently obtain chord length information have

been established in previous studies in material scigiteé3d].
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Figure 10 Chord length analysis summary. a) Segmented and cropped image for an
isolated CNC. b) Horizontally rotated CNC. c) Profile of horizontal chord lengths. d)
Profile of the vertical chord lengths.

For TEM images, the resulting CNC lengtidanidth are obtained by averaging
the chord values (black data pointsHigure 10c andd) above a certain threshold (i.e.,
maximum chord minus 10% and 50% of thegarof the x and y direction chords,
respectively). Subtracting the ranbased values from the maximum chords makes the
length and width calculations specific to the morphology of each CNC since range is the
difference between maximum and minimum chordskiig the average of the selected

longest chords helps to remove noise associated with noisy background pixels, or pixel
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clusters, becoming fAattachedo to the perip

corresponding chord length by several nan@nsetSelection 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 comparisons between SMART and
manual measurements of many CNCs. Theeeffect is more dominant for width chords,

as the size of the noise can be a significant fraction of the width of a CNC. As aresult, a
higher percentage value for the range summation, 50 %, for averaging the width was used.
This averaging approach,aiigh empirical, helps the SMART analysis to minimize the

effect of noise on the measurement of CNC length and width.

2.6.2 Fine grouping criteria Shape information

Chord length plots are also used in the identification and selection of isolated
CNCs. Using thehord length plot for width measurements, a specific width ratio, the ratio
maximum width over the average width value (€.gaid® WmaxdWaveragd, iS defined to
remove parallel stacked CNCs that were initially selected as single Ginfosg11). The
width-based criterion used for TEM and AFM image analysis removed CNC wifi>w
1.5. Introducing this selection step in addition to the criter@spect 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 usbdtb TEM and AFM images.
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Figure 11 Identification and the removal of stepped CNCs using chord length
information for width measurements from an example AFM image it is applicable
for both AFM and TEM). a) Initially selected iolated CNCs before applying width
based criterion b) An ellipselike CNC and its width information (W ratio = Wmax/Waverage

= 1.2) c) 2 parallel stacked CNCs and their width information (wtio = 2.3) d) Isolated
CNCs after applying width-based criterion (i.e., removing CNC with Watio > 1.5).
Green outlines in a, b, ¢ and d are the isolated CNC edges identified by the SMART
approach. The blue circles in d highlight stacked CNCs that are no longer identified
as isolated CNCs

Similar to the widthbased rethod explained above, a heigigsed 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 isFayure (
12a, b), and height values of the pixels on this longest chord are extracted to plot a height
profile along the long axis of the CNEigurel12c). Using this height profile, the presence
of local minima (red star iffigure12c) is checked first-ollowing the detection of one or
more local minima, a heightased ratio is calculated (e.grail= hocaimin/haveragd. The
heightbased criterion used for AFM image analysis removed CNC with * 0.75.
Introducing this selection step also impesvthe accuracy of the isolated CNC selection
process. This removal method is applied only on AFM images, since TEM images do not

provide height information.
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Figure 12 Identification of end to end CNCs using height profile (applkable to AFM
only) a) segmented image of linearly stacked CNCs, the longest horizontal chord is
the red line along the CNC length b) grayscale image of the same CNC (height values
along the red line are extracted) c) height profile along the red line (Iahaxis of CNC
with hratio = hiocamin/haverage= 0.4). The CNCs with hatio > 0.75 are removed from the
analysis since they have lowidtamin Values which represent drastic height drops along
the 2D height profile.

2.6.3 Height profile extraction

For AFM image analysis, an adjustment to the approach was needed to counter
AFM tip convolution (e.g., dilation) effects that artificially increased dimensions of the
object being imagefr4]. The tip convolution effect is significant for CNC width as it can
be a high fraction otie 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
measurehe height of the crossectional dimension. Height measurements are not affected

by tip convolution effect$34]. The SMART analysis utilizes the height information of
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every pixel in the CNC image in arriving at a height measure for each CNC. For a given
CNC, the average of top 20% region of itsgmeivalues lflack pointsin the top green
regionin Figure 13b) is used to estimate the height of the CNC. The parameter for
averaging of the top region is empiricadlglected through comparisons between SMART

T 3D height profiles and manual2D 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 necessaequivalent to the CNC widt[28, 34, 75].

height (nm)

Figure 13 AFM height profile analysis for a) single CNC, and bjts 3D height profile

2.7 SMART vs manual analysis

In order 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
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were compared to manual measurermé&maim both TEM and AFM images from a previous
study[28]. To facilitate a sidéy-side comparison of CNC dimensional measurements
(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
distributiors 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 | east fias go

2.7.1 Identification ofindividual CNCs

The idenification 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 measurementsTEM and AFM images as a guifizg] and[34].
Subsequent analysis and description are based on the use of TEM and AFM images that
were obt@ed in a previous studyd4]. The SMART imag analysis approach using the
preset parameters and CNC size criteria defi
level of success in the identification of individual CNCs and CNC edge boundaries. When
comparing the SMART system to manually measuredsaas, 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 showigumel4. The TEM image
in Figurel4a shows several CNCs with those that were manually identified as single CNCs
highlighted with blue ellipses-igure14b 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 label&igure 14c show the
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manually identified isolated CNCs, while the green outlineSigure14d show SMART
identificaion 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.

Figure 14 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) c) AFM image, manual approach (26
CNCs identified) d) AFM image, SMART approach (29CNCs identified). Blue
ellipses superimposed on micrograph to highlight CNCs that were manually selected,;
white lines in part c are used to manually identify and measure CNCs. Green outlines
in b and d are the CNC edges identified by the SMART approach.
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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
easly distinguished from the dark background. Overall, the typical examplegume 14
indicate that the SMART and manual approaches can identify similar isolated fGNCs
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 s#lect

different sets of particles for the same imggad.

The CNC idenfication 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 widtbased and heiglitased ratios that are also used for the
detection of pallel stacked CNCs). For example, lowering the minimum value for the
major or minor axis length identifies smaller objects as CNCs, buOiND objects such
as accumulated background noise pixels are more likely to be incorrectly identified as
CNC:s. Increaing these values can allow the identification of larger objects; however, CNC
agglomerates (entb-end, or sidéy-side stacking of multiple CNCs) might be incorrectly
identified as larger individual CNCs. Overall, isolated CNCs could be readily iddntifie
with the parameters specified earlier, where SMART was able to track the CNC edges
correctly in TEM (Figure 158) and AFM Figure 15b) 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 factors; the capture
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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 aed we
subsequently identified as a single CNC with larger dimensiéigure 15c). The
shortening of CNCs occurred at the CNC ends when the noise pixel background was
similar to the CNC contrasFigure15d). The lengthening of CNCs occurred by wases

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 stackededd

resulting in their identification as a single CNC with longer dimensiéigu(e15e).

Good Capturing Problematic Capturing

Figure 15 Comparisons of the same CNC identified in bdt manual and SMART
approaches, showing examples where the SMART approach had good resyjarts

a and b) and substantial errors (parts c, d, and e) in the capture of the CNC shape.
Green outlines are the CNC edges identified by the SMART approach. The Iger
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, c, d, and e, while an AFM image
is shown in part b.
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2.7.2 Same CNCs comparis@rsize measurements

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 adeéntified 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 summarized with histograms
(Figurel6a, c) and pointvise comparisond<gurel6b, d). While the length distributions
from both approaches ageite 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 dths 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 section ACNC size anal
the width from the widest piaof 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 (Begurel5d and e). The mean and standard deviation

values for both length{d X & & , ¢ 8t¢ o) and width {
e dq, p® ¢ @) are very close to those obtained from the maranallyss
(® X®E G, ¢ §& dandw Bde o, e Q).
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Figure 16 TEM image analysis comparison. SMART vs manual measurements for the
commonly identified 99 CNCs a) histogram of length measurements, b)
corresponding oneto-one comparison of identical CNCs (the two blue arrows identify
measurements with the highest difrences and are discussed in more detail figures
15e and 15d, c) histogram of width measurements, d) corresponding orA®-one
comparison of identical CNCs (the blue arrow identifies a measurement with the
highest discrepancy and is discussed in more dgit in figure 15c). Overlapping
regions of histograms are shown in brown.

For the comparison of the AFM measurements, 5 AFM images were analyzed by
both approaches. The manual approach identified 128 individual C28Lswhile the
SMART system identified 148 individual CNCs, of which 101 were commonly identified

by both approaches. The dimensiom@dasurements of these 101 CNCs from SMART
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and manual approaches are presented as histogfigwe(1l7a, c) and pointise
comparisonsKigure17b, d). The SMART measurements were very consistent with the

manual measurements in terms of histograms, asg comparisons, mean and standard

deviation values of lengthd( Xu& € G , o @v¢ & and 0
X BEGQ , o @¢ & and height measurements™O( o e qQ
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Figure 17 AFM image analysis comparison. SMART vs manual measurements for the
commonly identified 101 CNCs. a) histogram of length measurements, b)
corresponding oneto-one comparisors, ¢) histogram of height measurements, d)
correspondingoneto-one comparisors.
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2.7.3 Overall CNCs comparisoi size measurements

SMART analysis on the 434 TEM images (analysis completed in groupsldf/4
images at a time) identified a total of 2177 CNCs and measured, using the selection criteria
described earlre(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, andhveisild ratio lower than
1.5). The analysis of 2177 CNCs took 43 minutes on a desktop computer with i7 processor
(16 GB RAM, 3.7 GHz), which is approximately 1.2 s/ICNC. An estimate for manual
measurements completed by a trained analyst using ImageJ software is 30 SICNC. The
comparison of the measurements of CNC dimensions from SMART and manual
approaches is presented &istograms inFigure 18. 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 o&batiises show
similar trends, whereas the width distribution obtained by the SMART approach is
narrower than the manual approach. The difference in width profile maybe caused by: i)
the SMART approach using a averaging method to assess width whilerthalrmpproach
measures a single width line, ii) a percent of the CNC identified are different from those
identified in the manual approach. The mean values for both leingth ( = 80.1 nm)
and width ¢ = 7.7 nm) are very similar to tmeanual measurements ( =825
nm andw =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 measureajdicating that the countable isolated CNCs are only a

small portion of all available CNCs on the sample surface.
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Figure 18 TEM image analysis comparison, SMART (N = 2177) versus manual
analysis (N = 1909) for the same 434 imag. The histograms of SMART and manual
analyses are overlaid. a) Histogram of length measurements, b) histogram of width
measurements

For SMART analysis on the 66 AFM images (analysis completed in groupsldf 12
images at one time) a total of 1403 CNCsenidentified 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, widdsed ratio lower than 1.5 and height
based ratio higher than 0 d@scribed earlier. The analysis of 1403 CNCs took 7.5 minutes
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/ICNC. Theomparison of the measured CNC dimensions from SMART
and manual approaches is presented as histogradfiguie19. SMART results were also
compared with the seconmanual analysisand SMART analysis shows similar size

distribution trends with both analysts for both length and height measurements. The mean

values for both lengthbémart = 79.9 nm) and heightq = 3.8 nm) are very similar
to the manual measuremenis ( =76.3nmp =78.0 nm, antD
= 3.4 nm,O = 3.7 nm). For the 66 AFM images analyzed the ratio of total CNC
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area over the image area wis&1%, and of this CNC area, 14.1% belonged to isolated
CNCs, indicating that the countable 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 dtiough they are still a small portion of all available CNCs on the

sample surface.
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Figure 19 AFM image analysis comparison, SMART (N = 1403) versus manual
analysis (N1 = 1567) for the same 66 images. a) Histograsomparison of length
measurements, b) Histogram comparison of height measurements

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. [28], attesting that the SMART approach 1is
interesting to note that dpite 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 good as the manual
approaches. One notable diftnce 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, i) the higher contrast and lower image resolution of the AFM
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images required less contptional time for the SMART approach, and ii) with higher

overall CNCs density within the images, fewer images had to be analyzed.

2.8 Parameter testing for SMART

The image analysis can be influenced by several variables: image 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 agglomeration).
Within the image analysis program, there are two parameters that canustedid
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., 1 represehtpixel neighborhood
which gives 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 pixels
neighborhood which gives an 11 by 11 pixel filter sizegrmgtthe new value of center pixel
is calculated using the values of 120 neighboring pixels and the centefgg&Elgure
20d for different filter sizes, show witlmed and green colors)rhe determination of
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 idgarameter 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.
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Typically, TEM images of CNCs have poor contrast, poor edge definitiornighd
levels of noise, despite best attempts in sample preparation and imaging pri#djcols
The TEM images used in this study have a pixel size of ~0.3 nm/pixel and a high pixel
density (2000 x 2000 pixels), thus allowing considerable capability for smoothing and
sharpening. The ideal parameter settings were determined tchieenad@ximum 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 gign(512 x 512 pixels), limiting the
filter size that can be used since larger filter sizes approach the size of the CNC patrticle,
resulting in artifacts. For the AFM images used in this study, ideal parameter settings were

determined to be at minimumviels for smoothing and sharpening, of 1 and 1, respectively.

Figure 20 Effect of different filter size selection for smoothing operation on TEM
image a) TEM image before median filter applied. Pixel level noise very dominant b)
TEM image after 3x3 median filter applied. c) TEM image after median filter applied.
d) Magnified and numbered region (blue square) of a. The original pixel value is 173
(yellow highlighted inside the red3x3 and green 11x11 matricese) Magnified and
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numbered region (blue square) of bf) Magnified and numbered region (blue square)
of c. Smoothing of TEM images with 11x11 median filte(greenmatrix in part d) in
can result in undesired blurry regions and loss of edge details. Sharpening filter is
then applied to remove this blurriness. By combining the smoothing and sharpening,
improved CNC edge identification was accomplished.

Parameter testing studies provided insights on the sensitivity of the results (e.g.,
length, width measurements) obtainedhyy SMART approach to various parameters used
in the various components (i.e., individual image analyses functions) of the SMART
system. The length and width measurements are indeed affected by the parameters
embedded in the image processing functions.,(diler sizes in sharpening and
smoothing). The optimum piget image processing parameters were determined for high
resolution TEM images to be-dharpening and-Smoothing (i.e., level 5 represents 5
pixels neighborhood which is equal to a 11 by ligfisize), while for low resolution AFM
images they were 1 and 1 (i.e., level 1 represepigel neighborhood which is equal to a
3 by 3 filter size), respectively. The 0Oi
based on three criteria: whicm® resulted in most consistent and accurate SMART
measurements compared to manual data, which one had the least amount of false CNC
identification, and which one minimized noise in the system. The sensitivity of the selected
parameter values on CNC grougirtategorization, 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 cl ai mi capturevad alllCA@seandttheiedim@nsionalr e ¢ t ¢
measur ement s, however, we are indicating
results.
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The sensitivity of the parameter values on the SMART measurements of length
(TEM, AFM), width (TEM), and height (AFM) wsa evaluated by repeating the
measurements on a 5 by 5 matrix of possible values for the sharpening filter (1 to 5) and
the smoothing filter (1 to 5), resulting in a total of 25 different parameter combinations on
a randomly selected TEM image and a rangosglected AFM imageTwo types of
investigations were conducted: specific tracking of one individual CNC through the
entire parameter matrix, and ii) 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 welblispersed CNCs, so that the CNC would not attach to another particle

as a result of dilation effects from poor parameter settings.

2.8.1 One CNCG TEM parametetracking

For the TEM image, a summary of the percent changes to length and width of a

single CNC trackd through all 2fparameter settings is shown kigure 21. The ideal

image processing parameters for TEM images is level 5 for both smoothing and sharpening
filters and was used as the reference point in calculating the percent change (green data
point in Figure21a). Overall, the deviation from the ideal settings resulted anghs of

less than 10% change in the length and the width measurements. The effect of the
smoothing parameter was relatively more dominant. It is seen that that decreasing the
smoothing parameter from 5 to 1 increases the length and width measurenaesitsyteé

CNC. When decreasing the smoothing level, less noise is removed and noisy pixels attach
to the edge of the CNC, which consequently increases the dimension measurements.

Figure21c shows an example for which the CNC outline includes attached noisy pixels,
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effectively increasing the width of the CNC as compared to the outline at the idealized

settings shown ifrigure21d.
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Figure 21 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 shgoening level 5) is highlighted with the green dot.

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 CNCs are significantly larger
than their widths. Length and dth 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 measurements weravs@what less affected by the sharpening level changes, width
measurements usually decreased with lower sharpening levels. The apparent length or
width change discontinuity at smoothing leveFiUre21a, b) is a random artifact of the

noisy pixel attachment described above.
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2.8.2 All CNGsi TEM parametegeneraltracking

For the general tracking of all CNCs within the TEM image, the smoothing and
sharpening parameter values can modify the shapes of the objects, which then subsequently
alter their groupings (e.g., isolated CNCs). When the idealized parameter levelgdare use
(5 for both smoothing and sharpening), the SMART system can consistently identify
various CNC groupings argingleCNCs Figure22b). For poor selections of paratee
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 sh&perdtiNing
classification and CNC identification, while changes in the smoothing parameter to level 2
or 1 had a pronounced effeEtgure22c shows an example of CNgfouping classification
when the smoothing parameter is decreased from the ideal level of 5 down to 1. By
comparingFigure22b to ¢, it is noticed that a much lowaumber of isolated CNCs are
identified (i.e., from 14 down to 2, Aredd¢c
together and no longer meeting the selection criteria used in the identification of isolated
CNCs. The comparison of the resulting disienal 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 theoshing parameter was at level 2 or 1 and

resulted from a much lower number of individual CNCs that were identified.
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Figure 22 SMART parameter effect on isolated CNC selection for a TEM image)

Original TEM image, b) grouping for ideal parameters (smoothing level 5 and
sharpening level 5), and c) grouping for noxnideal parameters (smoothing level 1 and
sharpening level5). Askown t here are many fAphantomo ob
purely as a result of background noise being distinct enough to be identified as an

object. The color coding: red for isolated CNCs, blue for border CNCs, and yellow

for agglomerated CNCs

2.8.3 One CNQO AFM parameter tracking

For the AFM image, a summary of the percent changes to length of a single CNC
tracked through all 25 parameter combinations is showfigare23. 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
Figure23a). Any deviation from the ideal settings (e.g., any combination of smoothing or
sharpening) the change in length measurements was small (less that 11%), while the height
measurements were unaffected (i.e., lrag 0.1 nm change). The effect of the smoothing
parameter was more dominant than the sharpening parameter. With increasing smoothing
parameter from 1 to 5 the length measurements of a single CNC decreased up to 11%.
When the smoothing parameter was iasetl, the zone over which smoothing is calculated
increased and with the low pixel density of the AFM images this zone increasingly included

more of the CNC; as a result: i) the tails of CNCs can be cut, decreasing the length of the
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CNCs Figure23c), i) some short and thin CNCs are removed, and iii) regions along CNC
length or CNC agglomerates can be cut, making it possible to produce false isolated CNCs.
The effe¢ of sharpening level was minimal on CNC length measurements, for which the
length changed by less 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
measuremensilikely due to the sufficiently high contrast between the CNC edge and the

substrate for the AFM images.
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Figure 23 Effect of different SMART parameter values on the CNC dimension
measurements for an AFM image, where the ideal pameter setting (smoothing level
1 and sharpening level 1) is highlighted with the green dot

2.8.4 All CNCsi AFM parameter general tracking

When all objects within the AFM image were tracked across all parameter settings,
the amount of interaction between gigboring CNCs and noisy pixels as the parameters

shifted further from ideal settings was much lower than what was observed in the TEM
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images. This resulted in more consistent identification and dimensional measurements of
isolated CNCs across all paramesettings. The SMART image analysis was able to
consistently identify various CNC groupings and individual CNEgure24). In general,
changes isharpening 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 settingBigure 24b), to that of the worstase parameter settings (e.g., 5

for smoothing) it is noticed that most groupings are similar, and many of the same isolated
CNCs are identifiedRigure24c). 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 CNCseithee n t hey wer e #fAsr
into the background 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 megaments 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 @d% to 11% were only observed when the smoothing

parameter was at levels 4 or 5.

44



Figure 24 SMART parameter effect on isolated CNC selection for an AFM) Original
AFM image, b) grouping for ideal parameters (smoothing level 1 ansharpening level
1), and c) grouping for norideal parameters (smoothing level 5 and sharpening level
1). The color coding: red for isolated CNCs, blue for border CNCs, and yellow for
agglomerated CNCs.

The parameter study demonstrates that for smatidderate deviations from the
Aiideal 0 parameter settings, the effect on
individual CNC dimensional measurements is less than 10% for both TEM and AFM
i mages. Al so, i ndependemensionsfparanteter tgsting studyo v a |
helped us to see that the SMART approach can in principle remove some of the subjectivity
associated with deciding whether a feature is one or two particles. AFM height
measurements exhibited negligible change since ttextitn of center region of CNCs

was not affected.

2.9 SMART Summary

As the main intellectual product of this thes<t\Ci SMART was developed as a
semiautomated image processifrgmework to standardize the morphology analysis of
CNCs. The SMART systemO6s performance and acc

comparisons using previously documented and established datasets of TEM and AFM
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images of a CNC reference material. When conmganneasurements 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 foll sonanoderate deviations from

the Aideal 0 parameter settings, the effect
the individual CNC dimensions was less than 10%. The case study comparing the SMART
versus manual approach of a large TEM and AFMgendata set, 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 approkor TEM images, the SMART
measured length mean, length distribution and width mean were the same as the manual
measurements, but the width distribution was narrower than that of the manual
measurements. For AFM images, the SMART measured length leegih, distribution,

width mean 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 tharatheal approach

using ImageJ or Gwyddion software, respectively. Additionally, SMART system
measured the CNC area within the TEM and AFM images of 6% and 14% respectively,
and of the CNCs that were present, only about 15% were isolated and thus could be

measured.
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CHAPTER 3. SMART i TRANSMISSION ELECTRON

MICROSCOPY IMAGE ANALYSIS

As a result of first research tagskgomprehensive image processing system, SMART,
was introduced for the serautomatic analysis of the CNC morphology from TEM images.
SMART system utilizes a multistep approach that includesppreessing to enhance the
image, groupings to identify speicifclasses of CNCs, and computationally efficient
algorithms for digital measurements of the CNC dimensidihg proposed protocols
provide consistent and reliable results and can in principle remove some of the subjectivity
associated with deciding whethe a f eat ure i s one or two par
performance and accuracy was validated in multiple comparisons using previously
documented and established datasets of TEM images of a CNC reference ribaegzjal.
the rexttaskis thatthe developedramework vasutilized overtwo case studiegl. TEM
imageanalystdataset, and 2. Interlaboratory Comparison of TEM image dptsébat
the SMART approach can be adapted and improved for further research. Collaborating
with different researchers anding differentTEM datasetshelped refine th6&MART
approachto be a more versatile system with more capabilities that were not primarily

considered during the first task.

3.1 SMART analysis ofTEM image analyst studydataset

SMART initially was tested on a sth dataset which was used for a mini survey study
tested TEM image analysis protoadls s ubj ect i vi t vy, this $tudy anchite i ntr
varying results were briefly mentiondebr6 manual analysis of the same 30 TEM images,

the number of measured €N were changinffom 127 to 442andthere was also a high
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variation in the mean length (i.e., changing from 71.1 to 105 nm) and width (i.e., changing
from 7.0 to 10.0 nm) values (s&eror! Reference source not found) [47]. Even for a

small TEM image dataset, analyst subjectivity was able to cause a significant variation
(e.g., morghan 30 nm length difference between minimum and maximum mean lengths)
within the measurement resul&or the samegiven small dataset consisting of 30 TEM
images, SMART analysis shows very promising results which are very consistent with the
manual resus. The number aineasured CNCBy CNGSMART are well matching with

the manual measuremenidure25). It is also important to highlight that while manual
analysegook multiple hours (i.e., Lab2 analysis took 2 hours for measuring 244 CNCs),
SMART analysis of 370 CNCs from 30 TEM identified CNCs (n = 370) and average length
and width values (83.0 and 8.1 nm) analymeages took only 3 minutes on an i5 processor

conmputer with 8 GB RAM.
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Figure 25 Average length and width measurements of multiple manual analyses and
SMART analysis for a dataset of 30 TEM images
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3.2 SMART analysis for ILC i TEM image dataset

The extent of TEM imaging and analysffects on the variability of CNC size
distributions wasassessetly Meija et al.in an interlaboratory comparison (ILC) study
with ten participating research groups from around the Waid This ILCstudy focused
on the effect of imaging (e.g., different TEM machines and imaging settings) and image
analysis (e.g., particle selection and measurements) differences on the particle size

distributions of a reference CNC material (httpwiv.nrc.ca/crm.

3.2.1 Sample preparation and imaging

The TEM imaging samples were prepared by the same laboratory minimizing any
variability associated with sample preparation. After a rigorous comparison, the study
reported that the partielselection and CNC organization/grouping in the images (e.g.,
agglomerates versus individual CNCs) are primary reasons of varying length and width

size distributions.

For quantifying CNC particle morphology high quality images are needed, which
Is contirgent on having a homogeneous dispersion of CNC particles with minimal CNC
CNC contact or agglomeration, a uniform contrast across the image, and high edge contrast
between CNC particles and the supporting substrate. The TEM images used in this current
study were from the ILC study by Meija et al., which reported on the optimized methods
for CNC dispersion, TEM sample preparation and image acquigdign Overall, the
image quality was high for all laboratorieBhe ILC used the CNC certified reference
material (CNCD1) produced by the National Research Council, Canada

(http://www.nrc.ca/crm), and all TEM samples were prep by depositing 0.02 wt%
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CNC aqueous suspension onto a plasx@osed carbenoated copper grid and then
staining with uranyl acetate to improve contrast. The TEM samples were prepared at a
central laboratory and sent to each participating laboratoryniaging and CNC particle

size analysis.

3.2.2 Manual data comparisoand selected datasets for SMART analysis

Out of the ten laboratories that participated in the ILC study, four groups (Labl,
Lab2, Lab6, and Lab7) were selected for SMART analysisTablke 2), based on having
a large deviation in their reported CNC particle size measurements and in the imaging
parameters used. Note that for Labl, TEM images were taken at two different
magnifications resulting in different pixel size, but the image analesslts were
combined in the ILC report since no statistical difference between the two was detected.
In this current study we have separated Labl into {aabfid Labdb in the 16image data

set study to have SMART assess these data sets separately.

Table 2 Imaging parameters and measurement summaries for each laboratory in the
ILC study report

Labl Lab2 Lab6 Lab7
Number of images* 185 115 244 125
Image area (hm x Nm) 705x705 & 574x57 890 x 890 675 x 675 403 x 403
Pixel size (nm) 0.347 & 0.281 0.463 0.330 0.197
Number of CNCs 627 525 1179 561
Mean L (std L)** 116.6 (44.5) 94.5 (23.9) 77.8 (35.2) 87.6 (35.6)
Mean W (std W)** 7.8 (1.9) 8.0 (1.9) 7.5 (2.5) 6.9 (1.9)
Mean AR (std AR)** 15.7 (6.4) 12.6 (4.1) 11.1 (5.0) 13.5 (5.8)

* The referred ILJ47] article did not report the number of images and image area for each
laboratory. We acquired the relevant information from the raw data.

** The values for mean length, width, and aspect ratio shown here are for skew normal fits
to the data.

5C



3.3 Initial 10-image dataset analysis

The SMART analysis was completed in two phases: a detailethdde data set
study, and a more general analysis of the complete TEM image dafeteted direct
imageto-image comparisons between laboratories and between imagesapjy®aches
(SMART vs Manual) was completed using a small subset of TEM images. This was
necessary to analyze and confirm how SMART identifies and selects different objects
within a given TEM image. For each laboratory, 10 TEM images were randomlieselec
from their data set, and SMART image analysis was completed, and comparisons were
made to assesy image qualitydifferences between laboratorjéd CNC identification
differences between SMART versus Manual approg@restiii) differences in meased

dimensions between SMART versus Manual approaches for commonly identified CNC.

3.3.1 Image quality analysis

Image quality influences how effective SMART is at the identification and
measurement of CNCs. Images were analyzed qualitatively (e.g., CNC dispersd
individual CNC selection) and quantitatively (e.g., CNC groupings, image noise and
contrast). In the image date set study, the influence of image noise, contrast and CNC
agglomeration on individual CNC identification and measurement was igaestiThe
ILC study reported that imaging resolution, contrast, and analyst bias all contributed to
variation in measurement. The stusiggested thatlagherresolution(0.2 nm/pixekather
than the recommended 0.3 nm/pixebuld give a more accuragstimate of CNC width

but was not a factor in the accuracy of the estimate of @Ng@h.The image quality from
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each labratorywas sufficienfor SMART analysis However, here was someariationin
imagequality between the laivatoriesandan attempt was made to asstbesedifferences

andunderstandhowtheyaffectthe SMART identification and size measuremenGiCs.

Image quality was parameterized using noise, contrast, pixel size, and CNC density
within TEM images. SMART assessed smi contrast, and CNC area percentages as
described in the methods section. The results show a low level of variation between the
laboratories. Images with lower noise, higher contrast, and lower CNC density are
expected to facilitate image analysis amgbrove the capability of SMART and Manual

approaches to correctly identify and measure individual CIR@si(e26).

Figure 26 TEM images with different image quality and CNC identificationa) and b)
are images with midlevel contrast, low noise, and a lower CNC density (Lab2), while
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¢) and d) are images with low contrast, high noise, and higher CNC dehsiLab7).
Manual identification of individual CNCs from the ILC study are shown in parts a
and c, in which the superimposed blue ovals highlight the identified CNCs. SMART
identified individual CNCs are shown in parts b and d, where the green outline he
SMART identified object perimeter. High noise, low contrast, and CNC
agglomeration in TEM images increases SMART misidentification of CNC fragments
as individual CNCs (part d). Misidentified CNCs are labeled with *.

CNC density was qualitatively asses by relating the CNC area percent (e.g., total
CNC area divided by total image area) to the relative percentages of isolated CNCs versus
agglomerated and border CNCs. The total area percent of CNCs within the images for each
laboratory was less than ~22 (Table 3), and represented a combination of isolated,
agglomerated and border CNCs with a reasonable level of CNC density. In geetoavalr
CNC area fraction with a higher percentage of isolatedC€Mhhdicates a lower CNC
density. Pixel size was partially accounted for in the SMART analysis during image pre
processing operations with the selection of filtering operations (e.g., smoothing,
sharpening, and segmentation) as mentioned in the methaitsnsacd described in

greater detail if62].

Table 3 Image quality assessment for each lithage dataset

Labta Labtb Lab2 Lab6 Lab7
Noise** 33.7/40.4 | 29.948.0 | 15.238.1 | 35.643.1 | 46.648.5

(36.3) (36.3) (24.4) (38.6) (47.8)
Contrast** 13.821.5 | 23.536.3 | 7.0-39.6 6.847.5 6.2-24.4

(17.8) (27.8) (19.9) (31.3) (15.6)
Pixel size (nm) 0.347 0.281 0.463 0.33 0.197
CNC % of total image aréa 4.6 12.1 8.6 3.9 9.5
Area over | Isolated % 8.7 4.1 5.8 17.9 15.8
total CNC | Agglomerated % 70 69 65 51 56
area Border % 21.3 26.9 29.2 31.1 28.2

*The observed range of pixel values is listed with the average in parentheses.

# SMART assessed noise, contrast and the area percentages.

53




3.3.2 CNC identification comparison

A detailed sideéby-side comparison between SMART and Manual analysis of each
imagewas used to assess the capability of SMART to identify individual CNCs and
measure their dimensions. Based on visual inspection of the TEM images, three aspects
were considered and grouped as: i) Ashar e
identifiedi n bot h SMART and Manual, ii) Aunshar e
i dentified only in SMART or Manual but no
objects were incorrectly identified as individual CNQ%e total number of CNCs
measured by bothnalysis methods and the number of CNCs for the three groups are
summarized irFigure 27. By taking the number of identified objects in each group and
dividing by the otal number of objects identified for each laboratory, we can assess the
percentages. The shared identification group accounted for approximately half of all the
CNCs identified, except for Lakld, which is much lower. Interestingly, the observation
thatthe shared identification is not higher indicates that SMART analyzes features within
the images differently than the Manual approach. Likewise, this also leads to higher
percentages of the unshared identification groups, where the range was betweém 14 %

35% for SMART (e.g., Manual did not identify these), and between 18% to 58% for
Manual (e.g., SMART did not identify these). Combining the shared and unshared
identi fication groups gives the percentage
Labl-a (78%), Lab1b (58%), Lab2 (78%), Lab6 (72%), and Lab7 (59%), while for Manual

Labl-a (76%), Labib (87%), Lab2 (73%), Lab6 (81%), and Lab7 (70%). There was fairly

54



good agreement between SMART and Manual approaches except feblabd Lab7,

which is beleved result from a higher level of misidentification for SMART.

707 [ shared
[ uUnshared SMART
60| | IMisidentified

I shared
- Unshared
[ IMisidentified

lab1-a lab1-b lab2 lab6 lab7
Figure 27 Comparison of SMART and Manual analysis for CNC identification from
the 10image data set study: 1) Shared identification (correctly identified by both

methods) 2) Unshared identification (correctly identified by one but not the other) 3)
misidentified (incorrect identification)

The level of misidentification was within the range of 22 % to 41 % for SMART,
and 13 % to 30 % for Manual depending ondheen laboratory data set. Some level of
misidentification is to be expected, but a word of caution, our visual assessments of
Ami sidentificationdo is subjective, and thu
Regardless the observation that bB8MART and Manual approaches have misidentified
objects as individual CNCs shows that neither approach is perfect. One ramification of
misidentifications is that the corresponding area percentages of individual CNCs will be

shifted lower, correspondinglir¢ agglomerated CNC area will be shifted higher.
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Figure 28 Misidentified CNCs due to high level of CNC agglometration and high noise
(labl-a image)

Misidentification by SMART was primarily based on identifying fragments of
agglanerated CNCs as isolated CNCs as showrignre26d andFigure28, and seemed
to be exacerbated in images with higher noise, lower contrast, and higher CNC density.
These three parameters act concurrently making it challenging to observe trends as to the
impact of each parameter on the level of misidentification for these fiaesdtd (Table
2). The highest misidentification for SMART was 41 % for Lab7 and Habdnd for
Manual it was 30 % for Lab7. The Lab7 images had the highest noise, lowest contrast,
and a higher CNC density, while Lablimages had high noise, high cast, and the
highest CNC density (e.g., a total CNC area of 12.1 %, of which 96 % was either
agglomerated or boarder CNIC%his combination was challenging for SMART, but less
so for the Manual approach in which only 13 % of CNCs were misidentified {babl
Interestingly, when comparing Lal@l and Labib, SMART analysis had fewer

misidentifications for Labf, despite having the same level of noise and lower contrast.
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The key difference was in the CNC distribution within the images, in which-hdidd a

lower CNC density as compared to LabIe.g., Labla had a lower CNC area fraction
consisting of a lower percentage of agglomerated and boarder CNCs as compared to Labl
b). Lower CNC density within images seems to facilitate SMART analysis. In sugport o
this, the highest shared CNC identification for both SMART and Manual was ford_abl
and Lab6, both of which have a lower CNC density within the images. In general, higher
CNC area fraction and a larger number of agglomerated CNC configurations aneedytr
challenging for SMART, since the localized contrast variations cause SMART to

misidentify agglomerate fragments as isolated CN&gufe26d andFigure28).

Misidentification by manual image analysis was primarily based on identifying
multiple CNCs aligned entb-end or parallel stacked CNCs as single pasiclFor
example, as shown iRigure 26¢c (lower right), there are three objects identified as
individual CNCs, however, the stdige features of these objects suggeasiat they may
be parallel stacked CNC agglomerates. Note that this assessment is subjective as CNC
i denti fication is tricky at best, whi ch
consistently apply particle selection guidelines are critical fanuakhanalysis. The ILC
study had initially tested the manual image analysis protocol by sending a single small
image set to multiple labs for analysis. There was significant variation in the number of
particles counted and the mean lengths and widthsoéggh the protocol was further
optimized prior to data acquisition and image analysis by each participant, the final results
indicated that analyst subjectivity was still an important contributor to variation between

laboratories.
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3.3.3 CNC measurement comfison

Considering the commonly identified CNCs by both methods (e.g., the shared
identification group) length and width measurements of each CNC were compared point
by-point in Figure29c andFigure30 where the xaxis represents the Manual measurement
values and 3axis represents SMART measurement values. If SMART and Manual
measuraghe same length or width for a given crystal, the data point would fall directly on
the black line. In general, the length measurements from the two methods are in good
agreement (i.e., majority of the points lie on the black line, SMART = Manual). Wesee
a few cases where SMART measurements were lower than those from Manual, which is
indicative of SMART dAtrimmingo off the enc
Yucel et al.[62]. The width measurements have some difference between the two
approaches; thinner CNCs (less than 6 nm) are larger in SMART measurements, while

thicker CNCs (greater than 7 nm) have smaller SMART measurements thmaanfioal.

L{ngth comparison )

O Actual
SMART = Manual

50 100 150 200
Manual Length (nm)
Width

o°

5 10 15
Manual Width (nm)

Figure 29 Side-by-side comparison for labta a) Manual identification b) SMART
identification ¢) Shared CNC comparison for measured length and width
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The average length and width measures are reporfebia4; for the shared CNC
group the difference between SMART and Manual for each laboratory was typically less
than 5%, except for the Lab6 width measurement which was about 15 % larger for the
manual method. These results rate that the SMART and Manual approaches give very
similar values for the same particle. When considering all CNCs (e.g., shared, unshared,
and misidentified) the mean values of length for each lab change by up to 20 %, but less
than 10 % for width. Thiclusion of the unshared and misidentified objects can increase
the differences between SMART and Manual length, substantially, as was the case for
Labl-a (45 %), and Labb (31 %), and is indicative of the effect of differences in object

selection betwen SMART and Manual approaches.

Table 4 Comparison of SMART and Manual analysis for CNC measurements. (20
image data set study)

Labla Labtb Lab2 Lab6 Lab7
SMART]| Manual | SMART| Manual | SMART| Manual | SMART| Manual | SMART| Manual

Measurement summaryg Shared CNCs

Number 19 19 7 7 29 29 31 31 26 26
of CNCs

0 (nm) 105.2 110.3 93.4 96.9 99.3 97.4 79.2 80.4 83.2 88.3
@ (nm) 7.6 7.3 8.0 8.4 7.7 7.3 7.2 8.2 7.4 7.7

'Y | 136 | 15.0 | 118 | 114 | 129 | 133 | 11.0 9.7 113 | 115
(nm)

Measurement summarg All CNCs

Number 37 33 29 24 60 72 61 49 58 54

of CNCs

0 (nm) 86 125.2 86.5 113.2 103.3 94.2 84.2 85.5 76.8 92.8
@ (nm) 7.7 7.8 7.6 7.8 7.9 7.3 8.0 8.4 7.3 7.6

0'Y 11.1 17.0 10.6 16.9 12.9 13.3 12.9 10.6 10.5 12.8

A word of caution, the mean values are based on few CNC measurements so the
values are likely not representative of the CNC sample, and are only reported here for
specific comparison purposes: i) between SMART versus Manual for shared CNCs as these

were tte identical CNCs being measured, and ii) Shared CNC group versus ALL CNC
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group, to demonstrate the effect of the inclusion of theamonmonly identified objects
effects measurements and how deviations in SMART versus Manual object identification

can effet measurements.
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Figure 30 Side-by-side measurement comparison for the same CNCs measured by
SMART and Manual approaches. (10 image study)
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3.4 Complete dataset analysis

The complete TEMmagedata setdor each laboratory weranalyzed by SMART.
This larger image data set is more representative of that uségpical CNC particle
morphology characterization, where the number of measured GNi@se likely toreach
the critical threshold necessdoyobtain representative values particle length and width.
The image data sets foahl-a andLabl-b were combined as the ILC study confirmed that
the manual measurements were statistically simiermthe complete TEM image data
set the followingthreeaspects were studied: SMART versusManual assessmenti)
representativemeasurementissessment,i) area fraction assessment, ang) CNC

agglomeration assessment.

3.4.1 SMARTvsManual analysis overall size distributions

The number of TEM images for tlieur laboratories ranged between 115 to 244
(Table5), from which the SMART and Manual approaches identified similar numbers of
CNCs (e.g., 500 to 600 CNCs) except f@b6 for which the Manual approach identified
1179CNCs (Table5). The average number of CNCs analyzed per image for laboratories
1,2,6,7 was similar (SMART: 2.9.9, 2.3, 5.1; Manual: 3.4, 4.6, 4.8, 4.5, respectively).
The analysis time for SMARWasless than 15 mins for each laboratofaljle5). The
analysis time for thianual approach was not reported by ILC participants, so an estimate
of 30 sec/ CNC was wused here, which include:
measure their dimensions, and record and plot the data. While the shorter analysis time is
an inmportant advantage of SMART, consistency in particle selection and measurement is

essential.
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In general, there was reasonable agreement in CNC patrticle size measurements
between SMART and Manual approaches as assessed by considering the mean lengths and
widths, Table 5) and the lengttwidth 2D histogramsHigure 31). Both approaches
measured similameans for length (77 nm to 99 nm, except foltamual- Lablof 116.6
nm), width (6.9 nm to 8.1 nm) and aspect ratios (10.2 to 15.7). Interestinglgyérage
mean for the four laboratories is remarkably similar for SMART and Manual approaches
(length 89.5 nm, 93.9nm, width 7.7 nm, 7.5 nm, and aspect ratio 11.7, 13.1, respectively).
The measurement distributions for both SMART and Manual were simiter.width
measurement distribution was nearly symmetrical for both SMART and Manual
approaches, with SMART having a narrower distributidiigre 31). The width
distributions may be narrower for SMART (than Manual) due to the filter parameters used,
though as demonstrated in the fitting parameter studhenSMART parameteeffect
study, there was only a maximum of 10% error in width measurement when comparing the

mostcontrasting filter parametef62].

Table 5 SMART vs Manual analysis summary for each lab (complete image dataset)

Labl Lab2 Lab6 Lab7
SMART | Manual SMART | Manual SMART Manual SMART Manual
# CNCs 536 627 449 525 580 1179 633 561
0 , nm 92.4 (36.7) 116.6(44.5) 98.4 (43.3)|94.5 (23.9] 89.2 (39.8)| 77.8 (35.2)| 77.9 (34.1)| 87.6 (35.6)
W , nm 79@1.1) | 7.8(1.9 8.1(1.5) | 8.0(1.9 | 7.0(15) 7529 7.6 (1.4) 6.9 (1.9)
'Y, nm | 11.7 (4.2)| 15.7 (6.4) | 12.1(4.6) | 12.6 (4.1)| 12.9(5.1) | 11.1(5.0) | 10.2 (3.9) | 13.5(5.8)
Time (mins)| 11.3** 313 * 12.2** 262* 14.2** 589* 11.9*%* 280*

-Numbers in brackets are 1 standard deviation
* Estimated analysis time based on 30 seconds per CNC.

** SMART analysis time does not include time to optimize-precessing parameters.
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In general, the lengttvidth 2-D measurement histograms shows a good level of
overlap between the SMART and Manual approackégu(e 31, top vs. bottom row
respectively). As described in the prior section the SMART histogram profile is oval
shaped, has a higher probability zone and is consistent between the four laboratories. In
contrast, the Manual profile appears to be more circular in shape, with a lesefivedt
zone of higher probability, and is less consistent between the four laboratories. Manual
analysis of Labl appears to be more of an outlier having a wider spteadtimand width.
Interestingly, since SMART shows lower laboratdaiporatory variation as compared to
Manual, it suggests that by using SMART the variability of analyst bias of Manual
approach, which is different at each laboratory, is removed and itu®ves the
consistency in CNC size measurement between the laboratories. This outcome agrees with
the conclusions fronLC study that generated the data used in the current gtddyThe
authors of the ILC paper stated tkaalyst bias/subjectivity and sample heterogeneity are
the main sources of ILC variability. The subjectivity in choice of analyzable CNCa can i
principle be reduced by use of automated image analysis methods that are currently being

developed 6

The SMART and Manual analysis results for the four laboratories can also be compared
to the overall consensus values obtained from the ILC studyaftbeadre based on manual
analysis of ten laboratory data sets and development of a final consensus values using a
data pooling approach. This gave mean values of 95.8 nm and 7.65 nm for length and
width, respectively, with distribution widths of 39.0 nmda2.20 nm. The manual analysis
for the four data sets used here gave means of 94.0 nm and 7.53 nm for CNC length and

width in good agreement with the consensus values. The SMART analysis means of 89.5
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nm and 7.65 nm for length and width are also in gagydement with the ILC consensus
values, particularly for width. Although the length values from SMART and manual
analysis differ by ~ 5 nm, the standard deviations are sufficiently large that one cannot
distinguish whether this is a statistically meaningfifference. Nevertheless, the level of
agreement for a limited number of data sets is impressive and indicates the utility of the
SMART approach for dramatically reducing the analysis time compared to a manual

approach.
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Figure 31 2D probability histograms for CNC length and width measurements for
SMART and Manual analysis. Each small box within the plots represents an interval
of 10 nm for length and 0.5 nm for width.Less than 2 % of the data lies outside of
these plots(e.g., 1.8 % of Labli Manual data set has CNCs with length > 250 nm).
Note that probability times total number of CNCs (Table5) for a given laboratory
gives the count for each box.

3.4.2 SMART: Representative size measurements

The SMART analysis can simultaneously calculate cumulative means (length and
width) for every measured CNC and give feedback to the analyst to help assess when
measurements are representative (e.g., reach sséatdy. By tracking th@ercentage

change fom the overall mean for each cumulative mean viilonay be possible to assess
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the likelihood of reaching a representative measurement. The cumulative mean length and
width and the percent change versus number of CNCs measured for each of the four
labordories are shown iigure32 andFigure33, respectively During analysis&more
measurements are added the cumulative means and the percent change curves will oscillate
and generally tapper off to a constant value. This is what was observed for each laboratory,
indicating that a sufficient number of CNCs were measured torobtaepresentative
measure. The horizontal dashed lines represetdtienean length or width. The percent
change curves can highlight the scale of deviation from the collectivevakanandan

give more confidence when assessing if a represeatai@asurement has been achieved.
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Figure 32 SMART analysis of cumulative mean length and width versus number of
CNCs measured for each laboratory. The back dashed line highlights the

corresponding representative measurement of teyth and width. (Complete dataset
study)
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Figure 33 Cumulative mean length and width percent change versus number of CNCs
measured for each laboratory. (Complete dataset study)

For Labl, 536 CNCs were measured and have a collective mean le@g# o,
width of 7.9nm (Table5). The percent change for the collective mean at th&® 836C
measurement is zero as this is the last measurement included in the collective mean
measurement. However, when going to earlier measured CNCs (shifting to,tReylef
34a), the curves show the percent change in the collective mean if only that many CNCs
were measured as compared to the overall mean of the entire 536 CNCs. For example, if
300 CNCs were measured, the SMART calculated cumulative mean would ha@gél@en

nm and7.9 nm for length and width, respectively, and when compared to the overall mean
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from the 536 measurements, the percent difference is 4.7 % and ~0 %, respectively. This
indicates that if only 300 CNC were measured, difference in the mean leagtbnly

4.7% and mean width was 0% from the overall mean after 536 CNC measurements. Thus,
with the additional CNC measurements from 300 to 536 the change in mean length and

width were small, which further confirm that the overall means are representativ

measurements.
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Figure 34 SMART critical number of CNCs to reach a representative measurement.
a) Cumulative mean length and width versus number of CNCs measured foNGART

- Labl. b) Percent change in cumulative mearength and width vs number of
measured CNCs for SMARTi Labl measurements.

Interestingly, for this example, width measurements were stable with near zero
percent differences after only 200 measurements, demonstrating that the width
measurement was extremeitable. When assessing how many measurements to do, the
analyst needs to determine what percent difference (or error) is acceptable to reach a
representative measurement, which is useful when considering how to minimize the
number of measurements. lontrast, when assessing the entire CNC size distributions, a

much higher number of measurements are needed, fortunately the speed of the SMART
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image analysis compels one to do more measurements to adequately populate CNC size

distributions[62].

3.4.3 SMART: Area fractios of different CNC groupings

The area fractions of isolatethd agglomerated CNCs provided by SMART can be
used to provide a quantitative assessment of the CNC density within TEM images. Correct
identification and measurements of the CNCs depend on how well dispersed the CNCs are
on the TEM grid. The dispersiorevel varies significantly both within and between

samples, as illustrated FFgure 35 which shows extreme cases of low (Lab6) and high

(Labl-b) CNC densities.

Figure 35 Examples of CNC dispersion within TEM images. a) A low CNC density
from lab6, and b) A high CNC density from labtb. Note that most analyzed images
have CNC densities that are intermediate between these two extremes.

Assessmeit of the CNC density was performed by relating the total CNC area to
the total image area as well as to the specific CNC grouping areas (i.e., isolated,

agglomerated, and bordefffigure 36 shows the area percentages for the three CNC
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groupings for each laboratory. Each stacked bar represents the area percent of isolated
CNCs (red), CNC agglomerates (yellow), and border CNCs (blue). The total CNC area
percent over tial image area for each laboratory ranged between ~6 % to ~14 %, with the
corresponding area percent ranges for isolated CNC (0.3 % to 1.4 %), agglomerated CNCs
(4.0 % to 9.3 %), and border CNCs (2.1 % to 3.4 %) as summariZzeédure36. The
relevance of this area analysis is that it gives a quick quantitative indicator as to the CNC
density within the image. Interestingly, Lab7, which imaged the CNCs at the thighes
magnification of the four laboratories, had the highest area percent for both total (~14 %)
and isolated CNCs (1.4 %). Isolated CNCs account for 3.7 % to 10.1 % of the total area
covered by CNCs within the images, demonstrating that only a small frattibe CNCs

seen within a TEM are used to assess CNC particle morphology. This is currently standard
practice and reflects the challenges with obtaining-disppersed CNC samples.
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Figure 36 Area fraction of each CNC group (i.e., isolated, agglomerated, and border)
over total image area for each laboratory The values are the average of the entire
image data set for each lab analyzed by SMART.
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3.4.4 SMART:Additional CNCagglomeration analysis

To provide additional morphology information, SMART can analyze the
agglomerated CNCs, which compose 59 % to 66 % of the CNCs within the TEM images.
CNC agglomeration can take many forms, including multiple CtéGshing, overlapping,
linearly linked,parallelstackedetc.. SMART was used to identify two subsets of linearly
and parallel stacked agglomerate morpholagidsese objects were identified by two
approaches: i) Asteppedo o b-pasedsekectionvaenr e t h «
the standar@MART analysis (i.e.aspect ratio greater than 2.5, major degythbetween
15 nm and 250 nm, minor axis length of less than 1%ndh, and avidth ratiogreater
than 1.5 as defined by thmaximum widthover the average width and i i) Agr o
objectswere defined by having an aspect ratio greater than 4 and minor axis length
between 10 nm to 20 nm. Other agglomerate morphologies could also be analyzed,
requiring only small adjustments to object selection criteria. Visual inspection to assess
whatSMART i dentified as Riguted7pqordinned the mhgecti gr o u
selection was what was expected for both @
stepped CNC objects were predominately isolated objects that had a rougher edge profile
than the isolated CNC selection, a result consistent with parallel stacked CNCs.
Additionally, some objects were identified where the roughness was caused by orieracti
of background noise with the CNC edge. The grouped CNC objects were typically longer,
wider, and had a rougher edge profile than the isolated or stepped CNC selections. These
objects appeared to be multiple CNCs; many were isolated objects, but sen@me w
fragments from larger agglomerates. The selection of the stepped and grouped CNC

objects also appeared to be influenced by image quality. The length and width
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measurements of the stepped and grouped CNC objects were based on the maximum and
minimum dlipse axis used to encapsulate the objek$ shown inFigure 37, the ellipse

simplifies the object, while still capturing the average length and width afjeet.

Figure 37 TEM image from Lab2 showing a series of different analysesa) Original
TEM image, b) Manual analysis of isolated CNCs (blue ellipses highlight the
identified CNCs), ¢) SMART analysis of isolated CNCs (green)stepped CNCs
(purple), and grouped CNC (cyan), and d) SMART measurement of stepped and
grouped CNCs using the oval encapsulation approach.
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A summary of thesize measuremenf isolated CNCs, stepped CNCs and grouped
CNCs is given irFigure39. For all four laboratories, the mean length measurements of the
stepped CNCs were similar to the isolated CNCs, in contrast, the grouped CNCs were
longer and had a broader distrilon, which was expected based on the object selection
criteria. The width measurements of the stepped and grouped CNCs were larger than that
of the isolated CNCs. The lengtfidth 2D histograms ifrigure38 show pictorially how
the stepped objects are wider and how the grouped objects are much wider and longer than

the isolated CNCs.
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Lab1 - grouped
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Figure 38 Length-Width measurement 2D probability hisograms for SMART
analysis of Lab1l: a) isolated CNCs, b) stepped CNCs, and c) grouped CNCs. Where
N is the number of objects measured for each category. (Complete dataset study)

The inclusion othe stepped and groupebjects increased the number of objects
(e.g., for Lab1706 stepped, 141grouped) and area percentage of the cellulose within the
TEM image to benalyzed The area percent for the stepped and grouped objects for each
lab was: Labl (0.5% ,0.9%), Lab2.99, 1.1%), Lab6 (0.4%, 1.1%), and Lab7 (0.7%,
1.7%), respectively. When combined this stepped and grouped area percent accounts for
approximately a quarter of the agglomerated CNCs within the TEM images, which could

give greater insight into the types object morphologies that make up a give CNC

12



suspension. These results should be considered cautiously as it is unclear if such
agglomerates are artifacts from the TEM sample preparation or are hard agglomerates that
existed after CNC preparation in suspien. The relevance here is that hard CNC
agglomerates are likely to influence the properties of suspensions (e.g., rheology, self
assembly, etc.) and their utilization in various applications. With SMART we have a tool

to facilitate investigation of siacquestions.
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Figure 39 Size measurements of isolated CNCs, stepped CNCs and grouped CNCs
Object length and widths are estimated by the major and minor axis length of the
oval encapsulation of the given object, respectively. &nond and star markers
represent mean values for each group, with filled symbols for the isolated CNCs.
Upper and lower edges of the vertical rectangles correspond to the 77%nd 23"
quartiles for each group.
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3.5 SMART for TEM 1 ILC summary

The SMART analyis was completed in two phases: a detailed irrtagmage
study of 10 TEM images from each laboratory, and a more general analysis of all TEM

images from each laboratory.

In the detailed imag&-image study, comparisons in CNC identification between

SMART and Manual approaches were <classifi:

identification, where the same CNC was identified in both SMART and Manual, ii)

ounsharedo identification, where CNCs wer ¢

both,andii) Ami si denti ficationo where objects
CNCs. In general SMART and Manual approaches identified the same CNCs nearly 50 %
of the time, where SMART correctly identified individual CNCs (e.g., shared and unshared
CNCs)58% to 78 % of the time, and Manual was 70 % to 87 % of the time. The inclusion
of the misidentified objects (222% for SMART, and 130% for Manual) in CNC size
measurements was the primary cause of deviations between SMART and Manual image
analysis reglts. SMART was able to parameterize image quality, quantifying noise and
contrast and qualitatively assessing CNC density within TEM images. In general the noise,
contrast level and CNC density for the images were compatible with use of the SMART
approat for identifying isolated CNCs and measuring their dimensions. However, it was
observed that images with a combination of higher noise, lower contrast, and higher CNC
density, resulted in increased SMART misidentification of CNC agglomerate fragments as

individual CNC patrticles (e.g., Ladiand Lab7).
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The SMART analysis of all TEM images was a large data set in which the number
of images analyzed and number of CNCs measured was as follows: Lab1 (185, 536), Lab2
(115, 449), Lab6 (244, 580), and Lab7 §1533), respectively. In general, there was
overall good overlap in SMART and Manual image analysis of CNC length and width.
SMART had narrower distributions in width and contained a smaller zone of higher
probability in lengthwidth 2D histograms, cemed near the length of 60 nm to 70 nm and
width of 6 nm to 7 nm, which was consistent across all four labs. SMART also showed an
expected trend that wider CNCs have longer lengths, this was not as apparent with the
Manual measurements. Laborattepporabry variation was lower for SMART as
compared to Manual, suggesting that by using SMART the variability of analyst bias of
Manual approach was removed. By plotting the cumulative mean length and width and the
percentage change from the overall mean varsusber of CNCs measured, the SMART
analysis provides a mechanism to assess the likelihood of reaching a representative
measurement for CNC particle size. SMART area analysis of CNCs within the TEM
images found that less than 10 % of the total area cobgr&NCs was due to isolated
particles, indicating that the majority of CNCs within a given TEM image is not
characterized. As a demonstration to assess more of the CNC material within the TEM
images, a function was added to SMART to analyze a smalltsoibggearly aligned and
parallel stacked CNC agglomerates. However, as it is unclear if such agglomerates are
artifacts from the TEM sample preparation or are hard agglomerates that existed in the

starting CNC suspension, the implications of such restibuld be considered cautiously.

After the initial optimization of processing parameters, the SMART image analysis

time was less than 15 mins for each laboratory (having between 115 to 244 images). This
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analysis included object identification (indivial, agglomerate, and boarder CNCs), object
measurements (length, width, aspect ratio, area), and all plotting of data (2.9, 1
histogram, 2D histograms, cumulative means and percent change). The utility of the
SMART approach for dramatically reduciniget analysis time compared to a manual
approach is made relevant with encouraging level of agreement in CNC particle size

measurements from the SMART and Manual approaches.
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CHAPTER 4. SMART i ATOMIC FORCE MICROSCOPY

IMAGE ANALYSIS

Here, SMART approach wassed toanalyze the AFM images from four
laboratories that participated in a recieérlaboratory comparisastudyby Bushellet al.
[35]. Theresults obtained from the SMART @@ach presented in this work are compared
critically against the results obtained from the conventiowadual approachesithin the

ILC study:.

4.1 ILC study for AFM imaging

The extent of AFM imaging and analyst effects on the variability of CNC size
distributions wasassessely Bushellet al.in anILC study with ten participating research
groups from around the wor]@5]. This ILC study focused on the effect of imaging (e.g.,
different AFM machines number of probes used, tip raditmd imaging settings) and
image analysis (e.g., particle selection and measurements) differences on the particle size

distributions of a reference CNC material (httpwiv.nrc.ca/crm.

4.1.1 Sample preparation and imaging

As an advantage of AFhnaging of CNC particlegshe sample preparation process
Is simpler than TEMwvhich generallydepads upon the use of ulttagh vacuum and
more rigorous stainingprocess This TEM staining processnay introduce additional

particle agglaneration which wouldnake measuring CNC particles more diffidié-28].
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Similar to the TEM' ILC study, AFM samples were also prepared by the pilot laboratory
to reducethe impact ofsample preparatioriThis pilot laboratory prepared the AFM
sampledy spin coating 0.004 wt% CNC aqueous suspension gmiyd.-lysine coated

mica, a method that provides more homogenous samples with a larger fraction of individual

CNCs per imagg28].

4.1.2 Manual data comparison and selected datasets for SMART analysis

Out of the ten laboratories that participated in the ILC study, four groups (Lab2,
Lab6, Lab7 and Labl)were selected for SMART analysis (Sexble 2), based on having
a large deviation in their reported CNC particle size measurements and in the imaging
parameterge.g., the number of probasded All groups used theasme magnification and
the area of the imaged region was 1 micron x 1 micron for every irSBagéherevas no

variation in pixel length unlike TEM study.

Table 6 Imaging parameters and measurement summaries fagach laboratoryin the
ILC study.

Lab2 Lab6 Lab7 Lab10
Number of images* 40 25 45 44
Number of CNCs 544 409 620 500
Number of probes used 3 3 16 1
Mean L (std L)** 83.5(31.4) 98.8 (42.3) 79.4 (29.9) 82.4 (33.5)
Mean H (std H)** 2.9 (0.8) 3.3(1.3) 3.1(1.2) 3.5(1.2)
Mean AR (std AR)** 31.0 (12.5) 31.6 (12.1) 27.7 (9.5) 24.3(9.1)

* The referred ILC articl¢35] did not report the number of images and image area for each

laboratory. We acquired the relevant information from the raw data.

** The values for mean length, width, and aspect ratio shown here are for skew normal fits

to the data.
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4.2 Initial 3 -image datasetanalysis

For the AFMT ILC dataset, since the numberof images for all datasets were
changing from 25 to 455MART analysis was completédectly unlike the TEM analysis.
In addition to the lower number of images, the resolutioAk¥ images was also lower
than the TEM images (i.e., AFM images wéfe x 512 pixels. TEM images were 2048 X
2048 pixels) For eachAFM dataset, SMART analyzed all images less than 2 minutes.
However, in order teseehow SMART identified and measured CI¥Gimilar or different
than the manual analyses mini detailed image analysis study was perforrBdachages
were randomly picked out of each datasetd then SMART and four manual analyses
were compared siddy-side in terms of CNC identification and measuremdntage

guality assessment was performed for complete datasebt for 3image analysis.

4.2.1 CNC identification comparison

Parallel to the TEM studly CNC identification comparison, thersa detailesgide
by-side comparison between SMART and Manual analysis of each image was used to
assess the capability of SMART to identify individual CNCs and measure their dimensions.

Based on visual inspection of the AFM images, three aspects werdarexdsand grouped

as: i) Asharedo identification, where the
Manual, i) Aunsharedod identification, wh e
Manual but not Dboth, and i i i )cormeathidentificé nt i f i

as individual CNCs.
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Figure 40 Comparison of SMART and Manual analysis for CNC identification from
the 3-image data set study: 1) Shared identification (correctly identified by both
methods) 2)Unshared identification (correctly identified by one but not the other) 3)
misidentified (incorrect identification)

The total number of CNCs measured by both analysis methods and the number of
CNC:s for the three groups are summarizeeigure40. By taking the number of identified
objects in each group and dividing by the total number of objects identified for each
laboratory, we can assess the percentajes shareddentification group accounted for
more than 60% o&ll the CNCs identifiedwhich shows ajood agreement between two
analysis methodsThelowest shared identification percentage was 6ff4ab6 dataset
where SMART could not capture tB8 % of the CNCadentified by the manual analyst.
The image quality assessmenbvides a possible reason fab6 having the lowest shared
identification as the fact that lab6 images@the lowest contrast values among all groups.

To better r epr es @entficatiom fer bdthc amalyses, dhe 8har€iNaGd
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unshared groupercentages can be combin&tie correctly identified CNC percentages

for SMART; Lab2 (82%), Lalb (95%), Labr (83%), and Lali0 (82%), while for manual,

Lab2 (90%), Lals (86%), Labr (100%, no incorrect identificatioy and Lali0 (97%).

There was &ery good agreement between SMART and manual approaches for all datasets
sinceall correct CNC percentages were above 80Tt level of misidentificatiomwas

within the range 5 % to 18 % for SMAR& 0 % to 14 % for manual analyshifter
visually assessing the misidentifications for both methods which happeneddealiy

small for all labsthevastmajority of misidentificationsy both methodsvere only based
identifying multiple CNCs aligned entb-end or parallektacked as singlearticles. Only

one SMART misidentificationwas based oridentifying fragment as single partic{see

Figure4l).

Figure 41 SMART misidentification example where a fragment was identified as a
single particle

Even though thisvasa subjective assessméot especially for deciding whether a
CNC was correctly identified or ndiased on only a very small set of AFM imag#se
comparison results showed tlia¢ analyst subjectivity wasless important contributor to

the variation between laboratories for AFM image analysis.
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4.2.2 CNC measurement comparison

Considering the commonly idéfied CNCs by both methods (e.g., the shared
identification group) length and width measurements of each CNC were compared point
by-pointin Figure42 wherethe xaxis represents the Manual measurement values-and y
axis represents SMART measurement values. If SMART and manual measure the same
length or width for a given crystal, the datamavould fall directly on the black line. In
general, the length measurements from the two methods are in good agreement (i.e.,
majority of the points lie on the black line, SMART = Manual). There were a few cases
where SMART measurements were lower tttiasse from Manual, which is indicative of
eitherSMART #Atri mmingo off t h ernamud analgsiiegidno we r
selection to measure length from th@®zheight profile The height measurements were
either almost identical or very similahe vast majority of the points lie on the black line,

SMART = Manual

Table 7 Comparison of SMART and Manual analysis for CNC measurements.3¢
image AFM dataset study)

Lak® Lato Labr Lanlo
shared
CNCs # 36 32 29 29

SMART| Manual | SMART| Manual | SMART| Manual | SMART| Manual
0 (nm) 79.4 84.2 86.2 92.0 72.4 76.2 80.0 854
"O(nm) 2.7 2.7 2.8 2.8 2.9 3.0 3.8 3.7

The average length and height measurements for the shared CNCs are reported in
Table7. The difference between SMART and Manual for each laboratory was typically
less tharv% for the length measuremerasd3% for the height measuremeimslicating
that SMART and manuanalyse give very similar values for the same parti€ligre42

andTable7).
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Figure 42 Side-by-side measurement comparison for the same CNCs measured by
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4.3 Complete dataset analysis

The completéAFM imagedata setfor each laboratory wer@nal/zedby SMART.
This larger image dataset is more representative of that useckige quality assessment,
typical CNC particle morphology characterization, where the number of measured CNCs
is more likely toreach the critical threshold necesstryobtain epresentative values for
particle length andieight. Sinceanalyzing only 3mage would not be very representative
in terms of noise andontrast calculationsmage quality assessment was performed for
the complete dataset analysi.om the complete AFMimage dataseanalysis,the
following four aspects were studied:SMART image quality assessment, iigafraction
assessment, iiBMART versusManualassessmenandiv) representativeneasurement

assessment

4.3.1 SMART image qualitgssessment

Image qually assessmeimtf the AFMimages followedn additional representation
other than the grayscale intensltgsed calculationast hey wer e émagel ai ned
guality assessmemt s e af Chapten 2Since AFM images have the height information
along the entire image area, noise and contrast values were also calculated in terms of
height (nm) Figure43visualizesthe heightbased noise and contrast calculations for AFM
iImageswherebackgrounahoise(s) isthe height variatiofi.e., tiny blue zigzags inFigure
43c) within the backgroundegionand contrastll) the height difference betweenerage

background height and average CNC height.
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Figure 43 Image quality assessment on an exampl&FM image. a) Original
(grayscale)AFM image b) segmented image with pixels either O or 1.

For the AFM image quality analysis of the given ILC datas#teeall four groups
used the same agnification and, the area of the imaged region was 1 micron X 1 micron
for every imagepixel length was the same for dltasets (1.95 nm/pixelmage quality
was parameterized using noise, contrast, and CNC density WiiNhimages. SMART
assessedaise, contrast, and CNd&nsity {.e., detailed area analysis is in the next section)
as described in the methods section. The results show a low level of variation between the

laboratorieqTable8).

Table 8 Image quality assessment for complete AFM datasets

Lab2 Lab6 Lab7 Lab10
Noise (nm) 0.34 0.25 0.17 0.24
Contrast(nm) 3.0 2.5 2.8 3.5
Contrast(intensity) 64.3 50.4 60.5 71.4
CNC % of total image area 12.1 9.6 13.1 10.7

For SMARTiI AFM image analysis, noise did natfluencethe CNC identification
given the fact that the percentages of the misidentified CNC group from the CNC
identification comparison section were only in between 5 % and 18 %. Likewise, the
datasets with the maximum (lab®.35 nm) and minimum (lak70.17)noise had actually

very similar misidentified CNC percentages, 82 % and 83 %, respecthielyever,
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images withlower contras$ consideraly affectedthe capability of SMART and Manual
approaches to correctly identify and measure individual CESpecialy, lab6images
had the lowest contrasimong other datasetandthe effect of low contrast was highly
dominant on th&MART identificationcompared to the manual analysis. While SMART
could only measure 202 CNCs, manual approach was able to measure @89 &stly,

the total area percent of CNCs within the images for each laboratory was less3an ~1

with a reasonable level of CNC density.

4.3.2 SMART: Area fractions of different CNC groupings
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Figure 44 Area fraction of each CNC group (i.e., isolated, agglomerated, and border)
over total image area for each laboratory. The values are the average of the entire
imageAFM dataset for each lab analyzed by SMART.

Assessment of the CNC density was performedelsting the total CNC area to
the total image area as well as to the specific CNC grouping areas (i.e., isolated,

agglomerated, and bordefffigure 44 shows the arepercentages for the three CNC
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groupings for each laboratory. The total CNC area percent over total image area for each
laboratory ranged betweén6 % to ~13.1 %, with the corresponding area percent ranges
for isolated CNC 1.5 % t03.0%), agglomerated CGIs 6.0 % t06.3 %), and border CNCs

(2.9 % to 39 %) as summarizeith Figure44. As the only off valuef results, lab6 isolated

CNC percentage was the lowest, Wvhjch wasprimarily caused by low contrast effect on

the CNC identificationby SMART.

4.3.3 SMART vs Manual analysisoverall size distributions

The number ofAFM images for the four laboratories ranged betwggrto %
(Table6), from which the SMART and Manual approaches identified similar numbers of
CNCs (e.g., 500 to 600NICs) except for Lab6 for which the Manual approach identified
409CNCsand SMART identified 202 CNC3 &ble9). For SMART analysisthe average
number of CNCs analyzgeker image for laboratories 2,@and 10was similar £16, ~15,
and~12), butlab6 SMART CNC identification was almost half of the other groua3, (
which was explained as low contrast effect on SMART CNC identification. For manual
analysis, theaverage number of CNCs analyzed per image for all four laboratories was
similar (ranging from 1 to 16). Surprisingly, the highest number of per imdgemanual
analysisbelongs tdab6 (409 CNCs and 25which suggests that some additional image
enhancerant could be introduced by the analygiht before measuring CNC3he

analysis time for SMARTvasless tharR mins for each laboratorfable9.

Table 9 SMART vs manual analysis for each lab (complete AFM image dataset)

| | Latp | Lats | Laby | LahlO |
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SMART | Manual SMART | Manual SMART Manual SMART Manual
# CNCs 669 544 202 409 699 620 515 500
0 , nm 85.6(38.1)| 83.5(31.4) | 89.9(38.2) |98.8(42.3) | 89.3(36.6) | 79.4(29.9 | 87.7(38.1) | 82.4(33.5)
O, nm 3.3(13) 2.9(0.8) 29(11) 3.3(13) 3.3(14) 31(1.2) 41(1.2) 35(1.2)
Time (mins)| 1.5 272* 0.8** 205* 1.9+ 310 1.5% 250*

-Numbers in brackets are 1 standard deviation
* Estimated analysis time based on 30 seconds per CNC.

** SMART analysisd i d n 6 t to opéngjze prep@cessing parametebgecause of the

favorable image properties of AFM images

In general, there was very goodagreement in CNC particle size measurements
between SMART and Manual approaches as assessed by considering the mean lengths and
heights (Table 9) and the lengtiwidth 2D histogramsHKigure 45). Both approaches
measured similar means for lengt® @&nm to 8.8 nm) andheight(2.9 nm to4.1 nm)

The lengthheight2-D measuremerftistograms shows ery clearoverlap between the
SMART and Manual approached-igure 45, top vs. bottom row, respectivgly
Interestingly, since SMART shows lower laborattaporatory variationfor length
measurementSMART mean lengths range from 85.6 to 89.9 mmromparetb manual
(manual mean lengths range fr@®.4to 98.8nm), it suggests that by using SMART the
variability of analyst bias of Manual approach, which is different at each laboratory, is
removed and thus improves the consistency in G&@th measurement beeen the
laboratories. This outconessoagrees with thetatemenfrom ILC study that generated

the data used in th@evious TEMi ILC study, 6The subjectivity in choice of analyzable
CNCs can in principle be reduced by use of automated image analgtheds that are
bei

currently devel oped. 6

ng
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Figure 45 2D probability histograms for CNC length and height measurements for
SMART and Manual analysis. Each small box within the plots represents an interval
of 10 nm for length and 0.5 nm for height. Less thanl % of the data lies outside of
these plots(e.g.,0.8 % of Lab6 1 Manual data set has CNCs with length > 250 nim
Note that probability times total number of CNCs (Table8) for a given laboratory
gives the count for each box.

4.3.4 SMART: Representative size measurements

SinceSMART analysis can simultaneously calculate cumulative means (length and
heigh) for every meas@d CNC and give feedback to the analyst to help assess when
measurements are representative (e.g., reach ss¢atdy. This is particularly important
for AFM imaging since thescanningtime for AFM probe can be decreas#édthis
assessmenwould be perfamed in reatime with the imaging proces$he person who
performs the imaging cadecidewhether so far imaged area is enoughnot. Most
important,one canobserve if there is any dimensional artifact introduced by the probe

within the timeand then dade if additional analysis is needed with a new probe.
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investigate if there is such situation occurring for SMARTAFM image analysis,
cumulative mean lengths and heighéssus the number of measured CNCs were plotted
in Figure46. Especially, since the number of probes used for lab7 and lab10vemre
different, 16 and 1, respectivelyyisible stabilization difference was expectedmparing

the Figure46 part c(lower left) and d(lower right),lab7 cumulative lengths varied more
randomlyuntil 200 CNCswhile lab10 cumulative lengths continued to increasé the
same number of measured CNE®wever, these results are still not enough to build a

conclusiomabout the number of probes used vsdheulative size measurements.
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Figure 46 Cumulative mean length and height versus numbeof CNCs measured for
each laboratory. (Complete AFM dataset study)

9C



The percent change versus number of CNCs measured for each AFM dataset is
shown inFigure47. Canpar i ng al | four datasetdos stab
reached to the steadyate faster than the length measurements. In general, the cumulative
mean length and height values for measuring the first 200 CNCs and for measuring all

CNCs would make &-2 % difference for both size measurements.

Figure 47 Cumulative mean length andheight percent change versus number of
CNCs measured for each laboratory. (Complet&FM dataset study)
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