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Rapid determination of the distribution of cellulose nanomaterial aggregates

in composites enabled by multi-channel spectral confocal microscopy

Marcus A. Johns, Anna E. Lewandowska, Stephen J. Eichhorn*

Bristol Composites Institute (ACCIS), Department of Aerospace Engineering,

University of Bristol, Queens Building, University Walk, Bristol, BS8 1TR, UK
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E-mail: s.j.eichhorn@bristol.ac.uk

There is increased interest in the use of cellulose nanomaterials for the mechanical
reinforcement of composites due to their high stiffness and strength. However,
challenges remain in accurately determining their distribution within composite
microstructures. We report the use of a range of techniques used to image
aggregates of cellulose nanocrystals (CNCs) greater than 10 um? within a model
thermoplastic polymer. Whilst Raman imaging accurately determines CNC
aggregate size, it requires extended periods of analysis and the limited observable
area results in poor reproducibility. In contrast, staining the CNCs with a
fluorophore enables rapid acquisition with high reproducibility, but overestimates
the aggregate size as CNC content increases. Multi-channel spectral confocal laser
scanning microscopy is presented as an alternative technique that combines the
accuracy of Raman with the speed and reproducibility of conventional confocal
laser scanning microscopy, enabling the rapid determination of CNC aggregate

distribution within composites.

Keywords: cellulose, nanomaterials, composites, confocal microscopy, spectral

imaging, confocal Raman spectroscopy
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Introduction

The rise of the circular economy, and increased environmental awareness, has seen
biomaterials come to the fore of innovation as evidenced by the Circular Design
Challenge winners announced at the World Economic Forum Annual Meeting in
Davos in early 2018. These factors have led to significant interest in the use of
cellulosic nanomaterials (CNMs) across a wide range of application areas
including, but not exclusive to, composites (Nakagaito & Yano 2004, Malainine et
al. 2005), biosensors (Bi et al. 2016), drug delivery (Jackson et al. 2011), food
additives (Hu et al. 2016), packaging (Yu et al. 2014), energy storage (Liew et al.
2013), tissue engineering (He et al. 2014), and wastewater treatment (Batmaz et al.
2014). Their nanoscale dimensions, high mechanical properties, ease of
functionalization, and sustainability in particular have resulted in publications
exploring their use as reinforcement in various polymer nanocomposite materials

(Sir6 & Plackett 2010, Oksman et al. 2016, Kargarzadeh et al. 2017).

It is generally accepted that the uniform distribution of CNMs as a percolated
network throughout the polymer matrix results in composites with better
mechanical properties than those with isolated CNM aggregates. (Siqueira et al.
2010, Oksman et al. 2016, Ray & Sain 2016, Kargarzadeh et al. 2017, Chakrabarty
& Teramoto 2018) However, it is a particular challenge to track the bulk distribution
of CNMs in a nanocomposite material. Whilst electron microscopy can distinguish
individual CNMs (Ranby 1951), CNMs and polymeric materials have similar
densities, making contrast difficult without staining. Cellulose is also susceptible to
charge build-up and degradation under high energy beams (Foster et al. 2018,
Ogawa & Putaux 2018). Scanning probe microscopy has previously been used to

investigate the distribution of CNMs in composites (Saxena et al. 2009, Shariki et
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al. 2011, Mandal & Chakrabarty 2015). Yet it is challenging to accurately
distinguish the CNMs from the polymer matrix via height mapping only — although
Nigmatullin et al. had success in distinguishing cellulose nanocrystals, CNCs, from
starch using adhesion mapping (Nigmatullin et al. 2018) — and the observable
volume is limited to around 150 x 150 x 15 um?®. Chemical mapping using confocal
Raman spectroscopy is a well-established technique (Stewart et al. 2012) that has
been successfully applied by Agarwal et al. to distinguish between CNCs and
polypropylene, mapping the density of CNCs in areas up to 100 x 100 pm?
(Agarwal et al. 2012), whilst Lewandowska et al. have mapped areas containing
CNCs and polyethylene up to 200 x 200 um? (Lewandowska & Eichhorn 2016,
Lewandowska et al. 2018). However, the observable area is still limited, and the
process time consuming, often requiring more than half a day to acquire and analyse

each image.

One alternative to these imaging approaches is the modification of CNMs with
various fluorophores, including fluorescein, rhodamine and calcofluor white
(Haghpanah et al. 2013, Lou et al. 2014, Endes et al. 2015, Camarero-Espinosa et
al. 2016, Tomic et al. 2016, Leng et al. 2017), which enables rapid imaging of their
bulk distribution in composites via confocal microscopy. However, the
physicochemical properties of the CNMs will inevitably be altered upon binding of
the fluorophore (Abitbol et al. 2013). Therefore, if the CNMs are modified with the
fluorophore before composite production, observations may not be representative

of the unmodified material.

It is generally accepted that fluorescent detection of CNMs requires the presence of
fluorophores due to the lack of fluorescent aromatic groups within their chemical

structure. Nevertheless, several publications have reported the autofluorescence of
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cellulose under UV excitation (Olmstead & Gray 1993, Pohlker et al. 2012, Gong
et al. 2013, Kalita et al. 2015, Malinowska et al. 2015, Johns et al. 2018). This
autofluorescence has previously been attributed to the presence of lignin in the
samples (Kalita et al. 2015). This effect is thought to be understood (Albinsson et
al. 1999, Radoti¢ et al. 2006), but explanations for these materials do not hold true
for autofluorescent celluloses that are not of plant origin (Olmstead & Gray 1993,
Johns et al. 2018). Gong et al. suggest that the clustering of electron-rich groups
with lone pair electrons, i.e. oxygen atoms, resulting in electron cloud overlap are
responsible for the luminescent properties of carbohydrate molecules (Gong et al.
2013). The inter- and intra-molecular hydrogen bonding network between the
chains rigidify the molecular confirmations, blocking vibrational dissipation and
ensuring emission (Gong et al. 2013). This forms the basis of a theory known as
clustering-triggered emission (CTE) with computational modelling confirming that
interconnected short oxygen-oxygen contacts may exist between D-glucose units

(Yuan & Zhang 2017).

The present paper investigates the use of multi-channel spectral confocal laser
scanning microscopy, which simultaneously detects fluorescent emission across the
visible spectrum as 32 distinct channels rather than the single channel detected by
conventional confocal laser scanning microscopy, to track the distribution of CNMs
in a model HDPE composite material. The distribution of the CNM aggregates
observed using this technique is compared to those observed using confocal laser
scanning microscopy with conventional staining of the cellulose and confocal
Raman spectroscopy. It is reported that staining results in an overestimation of the
aggregate sizes, whilst limited analysis may be performed using data generated by

Raman spectroscopy due to the restricted observable area. Conversely, scanning
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confocal microscopy enables the rapid analysis of the aggregate distribution whilst

maintaining the accuracy of Raman spectroscopy.

Materials and Methods

Materials

Freeze-dried cellulose nanocrystals (CNCs) were purchased from the University of
Maine, Process Development Centre; high density polyethylene (Arboblend HDPE;
molecular weight = 1.33 x 10° g mol-*and melt volume flow rate = 2 cm® min™)
was supplied by Tecnaro GmbH, while maleated polyethylene (A-C 575A, MAPE
copolymer) was provided by Honeywell. Calcofluor white stain was purchased

from Sigma Aldrich.

Composite Sample Production

The CNC/MAPE/HDPE composite samples were compounded with CNC loadings
of 0.625, 1.250, 2.500 and 5.000 wt.%. A procedure of compounding and extrusion
was consistent with a process previously described by Lewandowska and Eichhorn
(Lewandowska & Eichhorn 2016). Freeze-dried CNCs were used as purchased. All
compounds; filler, compatibilizer and matrix; were mixed in a mortar for 8 min and
subsequently were dried in a vacuum oven at a temperature of 60 °C for 24 h. The
compounding process was carried out in a counter rotating twin-screw extruder
(HAAKE Rheomex CTWS5, Thermo Fisher Scientific) at a temperature of 160 °C
for 7 min at a speed of 70 rpm. The extruded filaments (g ~ 2 mm) were cryo-
microtomed into slices of 20 pm thickness for further characterisation

(Lewandowska & Eichhorn 2016).
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Scanning Electron Microscopy (SEM)

The morphology of the composites cross-sections was examined with a Nova 600
Dual Beam Scanning Electron Microscope (SEM) (FEI, Hillsboro, OR) with EDT
detector. The SEM was operated at an acceleration voltage of 10 kV and a working
distance of 5 mm. The composite sample was fixed on metal stubs using carbon
tape and sputter-coated with a thin layer of palladium. The magnification used for

the collection of SEM images was 100x.

Confocal Raman Spectroscopy (CRS)

Raman images were performed using a confocal Raman microscope (Alpha300,
WITec GmbH). The spectrometer was equipped with a UHTS 300 VIS-NIR
spectrograph optimized for NIR excitation and a thermoelectrically cooled CCD
detector (down to -61 °C). Raman images were acquired using 785 nm wavelength
laser (NIR) and 41 mW laser power at the sample for excitation of the Raman
scattering. The sample was focused with a 50x objective lens (numerical aperture:
0.7, vertical resolution: 1.6 um) with a lateral resolution of 684 nm. Each Raman
image was recorded from an area of 200 x 200 um? (40,000 um?) with a step size
of 2 um in both the x- and y- directions, using an exposure time of 4 s. Three images

per composite sample were used in the analysis.

WITec Project Plus and Image J software were used to analyse Raman images.
First, Raman images were converted into chemical images using cluster component
analysis with WITec Project Plus. The estimation of the area of the CNC aggregates
was conducted using Image J software. The extraction of the objects’ dimensions

was performed using an automated threshold with the algorithm ‘IsoData’.
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Conventional Confocal Laser Scanning Microscopy (CCM)

Samples were immersed in 0.3 mL calcofluor white stain for one minute before
removal and washing with DI water to remove excess dye. Samples were placed
between a glass slide and coverslip to flatten the surface. Z-stack images were
generated using a Zeiss LSM 880 confocal microscope (405 nm diode laser, 0.2 %
power, Plan-Apochromat 10x/0.45 M27 objective, MBS-405 filter, single channel
A=410-523 nm). The maximum distance between slices was 2 um. Three replicates

were imaged per composite sample.

Multi-Channel Spectral Confocal Laser Scanning Microscopy (SCM)

Samples were placed between a glass slide and coverslip to flatten the surface.
Spectral z-stack images were generated using a Zeiss LSM 880 confocal
microscope (405 nm diode laser, 5.0 % power, Plan-Apochromat 10x/0.45 M27
objective, MBS-405 filter, 32 channels: 2 = 411-695 nm). The maximum distance

between slices was 2 um. Three replicates were imaged per composite sample.

Image Processing

Image stacks generated using conventional confocal microscopy and spectral
confocal microscopy were processed in Fiji. Briefly, the z-projection function
(projection type: standard deviation) was used to flatten image stacks into single
images. After thresholding (automatic values used for stained images; manual
adjustment of lower threshold value between 85-100 for spectral images), images
were analysed to determine the observed aggregate areas. Aggregates at the edge

of the images were excluded.



172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

Aggregate Distribution Analysis

Aggregate distribution was subdivided into four categories: small, medium, large
and outliers. Rather than set these categories between fixed area values, which
could result in values being classified as outliers in box and whisker plots despite
being between two size categories, the maximum and minimum values were
determined using the box plots themselves. Briefly, a box plot was constructed
using the entire data set, and the values at which data would be classified as an
upper, or lower, outlier determined. The box plot was then regenerated using the
outlier values as the maximum and minimum for the data range and new outlier
values calculated. This process was repeated until the range of values fell between
the upper and lower outlier values. This determined the aggregates that fell into the
small category for each sample. To determine the medium category range, the
process was repeated excluding all values in the small category. The process was
finally repeated excluding values in the small and medium categories to define the
large category range. All values that fell out of these ranges, representing less than
2 % of aggregates observed in all samples, were classified as outliers. Due to the
skew present in the data sets, the calculated lower outlier values were always less

than the initial lower data values for all samples.

Statistical Analysis

Statistical analysis was performed using IBM SPSS Statistics software. For inter-
technique, pairwise comparison of the median CNC aggregate area, an independent
samples t-test was performed to determine the statistical difference between the
median values. For intra-technique comparison of the median CNC aggregate area,
intra-category CNC aggregate population analysis, and intra-category median

aggregate area, a one-way analysis of variance (ANOVA) test was used to

8
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determine the statistical differences between two or more samples, assuming equal
variance, with Bonferroni posthoc correction. The Kruskal-Wallis one-way
ANOVA test was used to determine significant differences between the distribution
of values in each aggregate size category. In all cases, a confidence interval of 0.95

was used.

Results and Discussion

Comparison of Multi-Channel Spectral Confocal Laser Scanning Microscopy

to Conventional Techniques

Images of CNC aggregates embedded in a MAPE matrix at varying CNC contents
(0.625, 1.250, 2.500, and 5.000 wt.%) were obtained using conventional confocal
laser scanning microscopy, CCM, with cellulose stained using calcofluor white, and
with multi-channel spectral confocal laser scanning microscopy, SCM (Figures 1C
and D respectively). These were then compared to aggregates observed using SEM
and confocal Raman spectroscopy, CRS, mapping, previously reported by

Lewandowska et al. (Figures 1A and B).

Whilst there is apparent surface disruption in the SEM images, it is not possible to
confirm conclusively whether this is cellulose, and it is challenging to determine
the area of the aggregates. As such, this technique is not deemed suitable for further
analysis. CRS distinguishes between cellulose and the matrix by mapping the
intensity of wavenumbers attributable to cellulose and polyethylene at 1096 and
1295 cm! respectively. Comparison of the two enables chemical mapping of the
CNC aggregates (Supplementary Information Figure S1C). Whilst this method
accurately differentiates between the two materials, the observable area is limited

compared to the other techniques presented, which restricts the number of
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observable aggregates (Table 1). CCM of the composite, where cellulose has been
stained with calcofluor white, enables an area 18 times greater than that viewable
with CRS to be observed. This enables the observation of more aggregates, whilst
theoretically maintaining the minimum observable aggregate size (Table 1). SCM
uses the same magnification as CCM, and, like the former technique, the relative
increase in the number of CNC aggregates observed compared to those observed
by CRS is equal to the relative increase in area (see Table 1). Despite there being
no stain, the CNC aggregates are readily distinguishable from the polymer matrix
due to differences in intensity and peak maxima (Figure 2) and can be matched to
aggregates identified using CCM (Supplementary Information, Figure S2). The
aggregates of CNCs exhibit fluorescence roughly an order of magnitude more
intense than the matrix, and have a peak maximum located in the range A = 464-473
nm, whilst the matrix peak is located between 1 = 419-428 nm. SCM also confirms
that CNCs are dispersed throughout the matrix, not just confined to the observed
aggregates, as evidenced by comparison of the matrix spectrum (Figure 2) to that
of the pure polymer (Supplementary Information, Figure S3). The matrix spectrum
clearly consists of both the polymer and CNC spectra, and can be discerned at a
glance. The presence of this dispersed material is more difficult to establish using
the other techniques — Raman requires deconvolution of the two spectra from one
another and a weak CNC signal may not be detected (Agarwal et al. 2012,
Lewandowska & Eichhorn 2016, Lewandowska et al. 2018). However, background
noise from the polymer — which risks the generation of false-positive results —
makes it difficult to confidently identify aggregates that are less than 11 um? in
area, equivalent to 10 pixels, with the objective used. This limits the lower viewable

aggregate size compared to the other two techniques reported.
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At each CNC wt.%, no significant difference between the mean CNC aggregate
areas, determined between 10 and 2,000 um? due to the varying technique
resolution, is observed between the three techniques (Figure 3A). The exception
being the difference between the values calculated using SCM and CCM at a CNC
content of 5 wt.%. However, CRS and SCM are more closely aligned to one another
than CCM; the average significance between the calculated aggregate sizes for CRS
and SCM is 0.80 + 0.07, compared to 0.27 = 0.09 and 0.42 + 0.19 between CRS
and CCM, and SCM and CCM respectively. As CNC content increases, a larger
number of aggregates may be analysed per sample (Table 1), which results in the
calculation of experimental mean values that are closer to the theoretically true
mean value. Therefore, it would be expected that significance between techniques
would increase as the CNC content increases as both techniques should be tending
towards the same mean value. Whilst this is observed between CRS and SCM,
indicating that the calculated values are more closely aligned as expected, the
significances between CRS and CCM, and SCM and CCM, both exhibit a negative
trend (Figure 3B). These results, taken with the calculated aggregate areas (Table
1.), indicate that CCM is overestimating the true mean aggregate value compared
to CRS and SCM, and that this overestimation increases as the CNC content

increases.

The use of CRS results in the greatest intra-sample error, due to the limited number
of aggregates observed, whilst staining of the cellulose results in the least intra-
sample variation. As a result of this, no significant difference is observed between
the mean CNC aggregate areas at varying CNC content for CRS, whilst the CCM
mean areas for 2.5 and 5 wt.% are both significantly different from each other, and
those for 0.625 and 1.25 wt.% (Figure 3A). SCM is somewhere between the two,

with the mean area for 5 wt.% being significantly different from that for 0.625 wt.%,
11
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but neither being significantly different to the areas reported for 1.25 and 2.5 wt.%.
This indicates that the use of lower magnification for both confocal microscopy
techniques (CCM and SCM), resulting in a larger observable area and increase in
the number of aggregates analysed, improves reproducibility. This enables
significant differences to be observed between samples that are not observed for
CRS. However, the overestimation of the aggregate size using CCM may lead to

false significant differences being determined.

CNC Aggregate Distribution as Determined by SCM and CCM

The CNC aggregate area distribution within the polymer matrix is heavily skewed
towards smaller areas at all concentrations (Supplementary Information, Figure S4),
which is expected given that individual CNCs are only a few hundred nanometres
in length (Foster et al. 2018). A single box and whisker plot per sample was found
to be inappropriate for representing the data as outlying/anomalous results are
defined as being any value greater than the third quartile plus 1.5 times the
interquartile range, or lower than the first quartile minus 1.5 times the interquartile
range. This results in aggregates greater than 500 um? being classified as anomalous
using conventional analysis, despite consistently being present in the samples
analysed. Therefore, an alternative approach to the analysis — detailed in the
methods section — was developed that split the aggregate distribution into small,
medium, large, and outlier categories, enabling different aggregate size ranges to
be analysed independently (Figure 4 and Table 2). CRS was not considered in this
analysis due to the limited number of aggregates that could be analysed (Table 1),
and aggregates < 10 um? were discarded for CCM to enable a direct comparison of

the two techniques.
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For both techniques, a CNC content of 0.625 wt.% consistently results in the lowest
median and narrowest aggregate range across the three categories, whilst a CNC
content of 5 wt.% results in the largest median and aggregate range (Table 2).
However, SCM analysis reveals a similar trend to CRS as CNC content increases,
whereby the CNC content of 1.25 wt.% results in larger aggregate sizes than those
observed at 2.5 wt.%, whilst CCM analysis results in an increase in aggregate area
as the CNC content increases. Larger category ranges, resulting in larger median
aggregate sizes, are also observed for CCM. Population analysis of the categories,
whereby the sum of the categories is equal to 100 %, reveals no intra-category
significant difference across the CNC content range for SCM. However, a
significant decrease for aggregates that fall into the small category, from 76 to 61 %,
is observed as the CNC content increases for CCM. Likewise, a significant increase
for aggregates that fall into the large category, from 4 to 9 %, is also observed.
These data suggest that the presence of the stain, in conjunction with the analysis
method, results in aggregate size overestimation due to merging of multiple
individual aggregates, which consequently affects the population distribution. The
use of SCM removes this factor, improving the reliability of the determined

aggregate distribution.

Conclusions

Taking the statistical analysis for both inter- and intra-techniques into account,
evidence suggests that staining of CNCs results in an overestimation of the mean
aggregate area, which is exacerbated as the CNC content increases. Therefore,
despite providing highly reproducible results, CCM may not provide an accurate
representation of the distribution of CNC aggregates within a polymer matrix, as

demonstrated in the aggregate distribution analysis. This could lead to the reporting
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of false significant differences between samples. In comparison, CRS may be the
most accurate technique for calculating the exact area of a CNC aggregate due to
the chemical mapping technique used. However, the limited number of observable
aggregates results in mean values that have a low reproducibility factor and

distribution analysis cannot be performed.

Here, SCM is presented as a novel technique for analysing CNC aggregates that
combines the reproducibility of CCM with the accuracy of CRS. This enables
precise observations on CNC aggregate distribution to be made with confidence.
The technique also demonstrates that, whilst CNCs aggregate together, CNCs are
distributed throughout the composite at a scale below that of the equipment
resolution, as evidenced by the presence of the cellulose spectra when analysing the
polymer background. This presents further opportunities for tracking CNC mixing

within composites.
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Table Legends

Table 1. Comparison of confocal techniques (confocal raman spectroscopy - CRS,
multi-channel spectral confocal laser scanning microscopy - SCM, and
conventional confocal laser scanning microscopy - CCM), highlighting differences

in aggregate size and number of aggregates observed. Error + SE.

Table 2. Statistical analysis of data presented in Figures 4A and 4B. Analysis of
the range compares the distribution of values for each sample category irrespective
of the absolute values themselves. ¥ p < 0.05 compared to 1.25 wt.% for a given
measurement; § p <0.05 compared to 2.5 wt.% for a given measurement; * p <0.05

compared to 5 wt.% CNC for a given measurement.
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Figure Legends

Figure 1. Representative images used to compare 5 wt.% CNC-MAPE composite
samples imaged using A) SEM (accelerating voltage: 10 kV, working distance: 5
mm, image acquisition: back scatter); B) Confocal Raman spectroscopy, CRS,
mapping at 1096 cm™ (laser wavelength: 785 nm, laser power: 41 mW, lateral
resolution: 684 nm); C) Conventional confocal laser scanning microscopy, CCM,
(stain: calcofluor white, argon laser intensity: 0.2 %, single channel, A = 410-523
nm); and D) Multi-channel spectral confocal laser scanning microscopy, SCM,

(argon laser intensity: 5.0 %, 32 channels, 1 = 411-695 nm).

Figure 2. Comparison of typical spectra for CNC aggregates and a MAPE matrix.
Top: Spectra for CNC aggregates (bright bars, dashed line) and MAPE matrix (dark
bars, solid line) based on emission intensity. The CNC aggregates are more intense
than the background matrix, making it straightforward to distinguish between the
two. Bottom: Normalised spectra for CNC aggregates (dashed line) and MAPE
matrix (solid line). The peak range maxima for CNCs and MAPE are different, 464-
473 and 419-428 nm respectively, confirming that the two materials are

distinguishable. N =3, n = 5.

Figure 3. A) Comparison of mean CNC aggregate areas as observed using CRS
(blue bars); SCM (red bars with rising diagonal lines); and CCM with CNCs stained
by calcofluor white (green bars with falling diagonal lines) at various CNC
contents. Alphanumeric labels signify intra-technique samples with no significant
difference between them. Due to the varying resolution of the three techniques,
values were calculated from aggregates between 10 and 2,000 um?, which are the
upper and lower ranges viewable for all three. * p < 0.05. N =3, n > 5. Error + SE.

B) Change in significance between CRS and SCM (red squares); CRS and CCM
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(blue circles); and SCM and CCM (green triangles) with increasing CNC content.

Logarithmic lines of best fit plotted to guide the eye.

Figure 4. Comparison of CNC aggregates at varying CNC content observed by
SCM and CCM. A, B: Box plots comparing distribution of aggregates between
samples obtained via A) SCM and B) CCM. Aggregates are divided into four
categories: small (blue boxes), medium (red boxes with light spot scattering), large
(green boxes with medium spot scattering), and outliers (black diamonds). The
mean values for each category are represented by open squares. Aggregates < 10
um? ignored for analysis. n > 425. C, D: Populations for varying CNC content
obtained via C) SCM and D) CCM. Whilst no significant difference is observed
between each of the samples for SCM, differences are observed for CCM.
Aggregate categories: small (blue bars), medium (red bars with light spot
scattering), large (green bars with medium spot scattering), and outliers (yellow
bars with heavy spot scattering). For all categories N = 3. * p < 0.05 compared to 5

wt.% in the respective category. Error + SE.

20



543
544

545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566

Figure 1

21



567
568

569
570
571
572
573
574
575
576
S77
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606

[a.u.]

[a.u.]

Normalised intensity Emission intensity

400 450 500 550 600 650 700
Emission wavelength [nm]

Figure 2

22



250

1a 2p 3¢

200

150

100

50

Mean CNC cluster area [um? >

0.625 1.25 25 5
CNC content [wt%)]

1.0

08 \ -

06| (O

04} S\

Significance [a.u.]
Y

0.2 F ~ =~

0.0 1 1 1 1 = A

CNC content [wt%]
607
608 Figure 3
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633



634
635

636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673

b=
w

CNC cluster area [um?]

TH

CNC cluster area [um?]

i

(RL
BB T

0625

1 26
CNC content [wt%]

CNC cluster population [%] [

CNC cluster population [%] ()

CNC content [wit%]

Figure 4

X i L |
0625 125 25 5
CNC content [wt%]

24



674
675

676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Confocal Technique

Observation
CRS SCM CCM
Magnification x50 %10 x 10
Observable Area [um?] 40,000 722,823 722,823
Minimum Aggregate Size [um?] 3 11 3
Maximum Aggregate Size [pum?] 1,589 7,172 11,046
0.625 wt.% 12+£2 199+18 150+27
1.250 wt.% 14+2 215+4 246+39
No. of Aggregates
2500 wt% | 251 358+£96 337+66
5.000wt.% | 317 436+23 372+46

Table 1
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703

704

Area CNC content [wt.%]
Technique Category

Measurement 0.625 1.25 25 5

Median [pm?)] 14 17" 17" 22
Small

Range [um?] 11-39° 11-44° 11-39° 11-80

Median [um?] 87" 105" 85" 160

SCM Medium

Range [um?] 41-259™ 47-381% 41287 83-400

Median [pm?] 487" 711 5427 823
Large

Range [um?] | 273-1,095""  405-1,938%  295-1.478" 416-2,735

Median [um?] 22° 25" 22° 36
Small

Range [um?] 11-69" 11-88° 11-88° 11-130

Median [pum?] 150+ 1545 207" 276

CCM Medium

Range [um?] 72-386% 91-441% 91-612° 132-761

Median [pum?] 585" 758+ 1260 1448
Large

Range [um?] | 405-1,823""  458-1,304""  662-3,739  772-5,733

Table 2
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