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ABSTRACT26

A semi-automatic image analysis program, SMART, was used to analyze transmission electron 27
microscopy (TEM) images from four laboratories that participated in an interlaboratory 28
comparison (ILC) study by Meija et al. on CNC particle size measurement by TEM using 29
conventional manual image analysis approaches. Detailed image-to-image comparisons found 30
that SMART correctly identified individual CNCs 58% to 78 % of the time, while manual was 70 % 31
to 87 % of the time, depending on TEM image quality from a given laboratory. SMART was able to 32
parameterize image quality, and it was found that SMART had difficulties in CNC identification for 33
images with a combination of higher noise, lower contrast, and higher CNC density. Overall, the 34
SMART image analysis was consistent with the manual approach. SMART showed lower 35
laboratory-laboratory variation as compared to manual, suggesting that the variability of analyst 36
bias of manual approach was removed and demonstrates an opportunity with SMART to improve 37
the standardization of CNC size characterization. An approach to estimate the likelihood of 38
reaching a representative measurement for CNC particle size was developed. SMART area 39
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analysis found that less than 10 % of CNCs were used in morphology characterization; to assess 40
more CNC material, SMART was used to analyze CNC agglomerates as a proof-of-concept 41
demonstration. The total SMART image analysis time for each laboratory, having between 115 to 42
244 images, was less than 15 mins, after selection of appropriate parameters. The SMART code is 43
now available for the public to use for free at Github™.   44

Keywords:  Cellulose nanocrystals, Cellulose Nanomaterials, Particle Morphology, TEM, 45

Interlaboratory Comparison, Semi-automatic image analysis.  46

47

Introduction48

Cellulose nanocrystals (CNCs) are cellulose based nanomaterials extracted from 49

different biological sources, typically as a product of strong acid hydrolysis process. In 50

general, CNCs have a spindle-like particle morphology (4 to 20 nm in diameter, 50 to 500 51

nm in length, with tapered ends), but they exhibit varying particle morphologies and size 52

distributions depending on the hydrolysis process parameters and cellulose source 53

(Foster et al. 2018; Moon et al. 2011). When working with CNCs, it is critical to have a 54

comprehensive and accurate characterization of the particle morphology, size, and 55

surface characteristics. Measurement techniques for length, width and height have 56

recently been extensively developed, including interlaboratory comparisons of 57

dimensions obtained using transmission electron microscopy (TEM) (Meija et al. 2020)58

and atomic force microscopy (AFM) (Bushell et al. 2021), as well as an ISO technical 59

specification (ISO/TS 23151). The current state-of-the-art image analysis to measure CNC 60

length, width and particle size distribution is based on manual measurements, which are 61

subject to variability and error due to the subjectivity in the identification of individual 62

CNCs (as opposed to agglomerated CNCs) and are time consuming and can suffer from 63

analyst fatigue. There is a need to develop automated approaches for CNC particle size 64

measurements to improve the consistency of CNC selection and to reduce the analysis 65

time. Commercial or open source (e.g., plugins for ImageJ, such as FibrilJ (Sokolov et al. 66

2017)) semi-automated image analysis programs for TEM and AFM image analysis of 67

nanosized particles have been inconsistent when applied to cellulose nanomaterials due 68

to difficulties in correctly identifying single particles.  Additionally, recent machine 69

learning algorithms by Wang et al. (Wang et al. 2021) have demonstrated great capability 70

for TEM image analysis of metallic nanomaterials, in particle identification, morphology 71

differentiation, particle classification, and analysis. The images analyzed had low noise 72

and the nanoparticles had high edge contrast, facilitating object identification. Applying 73

such a program for CNC analysis may prove problematic as it is not an idealized particle 74

system and it is difficult to image, as described below.       75

Quantitative measurement of CNC morphology is challenging because of three 76

factors: CNC material issues, imaging issues, and image analysis issues. Material issues are 77

related to variability in the shape of CNCs (e.g., not perfect rectangles or ellipses), broad 78

size distributions, and strong propensity for aggregation. Imaging issues are related to 79

limitations from the measurement technique or equipment such as, high level of noise, 80

low feature or edge resolution, low contrast between CNCs and background, high density 81

of CNCs within the image, and for AFM, tip convolution effects. The extent of these 82

variabilities can be decreased by optimizing and controlling CNC dispersion, sample 83

preparation, and staining (Foster et al. 2018; Kaushik et al. 2015; Maradini et al. 2020; 84
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Ogawa and Putaux 2019; Stinson-Bagby et al. 2018). Image analysis issues are related to 85

variabilities associated with analyst bias/subjectivity and inconsistency during image 86

analysis, both strongly related to the experience level of the analyst, and they can result 87

in unreliable measurement results (Meija et al. 2020). 88

The impact of TEM imaging conditions and analyst subjectivity on the variability 89

of CNC size distributions was recently assessed by Meija et al. in an interlaboratory 90

comparison (ILC) study with ten participating research groups from around the world 91

(Meija et al. 2020). This ILC study focused on the effect of differences in imaging 92

conditions (e.g., different TEM machines and imaging settings) and image analysis (e.g., 93

particle selection and measurements) on the particle size distributions of a reference CNC 94

material (CNCD-1 2016). The TEM samples were prepared by a single laboratory, 95

minimizing any variability associated with sample preparation. After a rigorous 96

comparison, the study reported that the particle selection and sample heterogeneity (e.g., 97

agglomerates versus individual CNCs, uneven staining/contrast) are primary reasons for 98

differences in the measured length and width size distributions. 99

In an effort to address these issues in CNC particle size measurement, Yucel et al.100

(Yucel et al. 2021) developed a semi-automated image analysis framework (Standardized 101

Morphology Analysis for Research and Technology – SMART) that can detect and measure 102

the dimensions of individual CNCs in TEM and AFM images. The SMART approach was 103

developed and compared critically against the TEM and AFM image data sets (e.g., 434 104

TEM images, 66 AFM images) and image analysis completed by conventional manual 105

approaches reported by Jakubek et al. (Jakubek et al. 2018). The CNC particle size 106

measurements and distributions as measured by SMART were consistent with those 107

measured from the current state-of-the-art manual approaches used by Jakubek et al. but 108

with a much faster throughput (e.g., measurements of less than 1.5 s/CNC, compared to 109

~30 s/CNC for manual approaches). The utility of the SMART approach is that it can 110

expeditiously process high-throughput image data while being minimally impacted by 111

human error and variability.  112

In this study, the SMART approach was used in the analysis of TEM images from 113

four laboratories that participated in the ILC study on CNC particle size measurement 114

(Meija et al. 2020).  The following aspects were explored using SMART: effects of image 115

contrast and heterogeneity on CNC identification (e.g., noise, contrast, CNC density), 116

image analysis issues (e.g., SMART versus manual approaches), assessment of 117

representative measurements for length and width, and image analysis of agglomerated 118

CNCs. The results obtained from the SMART approach were compared critically against 119

the results obtained from the conventional manual approaches used within the ILC study.120

Methodology121

TEM Sample Preparation and Imaging: 122

For quantifying CNC particle morphology high quality images are needed, which 123
is contingent on having a homogeneous dispersion of CNC particles with minimal CNC-124
CNC contact or agglomeration, a uniform contrast across the image, and high edge 125
contrast between CNC particles and the supporting substrate. The TEM images used in 126
this current study were from the ILC study by Meija et al., which reported on the 127
optimized methods for CNC dispersion, TEM sample preparation and image acquisition128
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(Meija et al. 2020). Overall, the image quality was high for all laboratories, a 129
representative example of which is shown in Fig. 1a. The ILC used the CNC certified 130
reference material (CNCD-1) produced by the National Research Council, Canada (CNCD-131
1 2016), and all TEM samples were prepared as previously reported by depositing 0.02 132
wt% CNC aqueous suspension onto a plasma-exposed carbon-coated copper grid and 133
then staining with uranyl acetate to improve contrast. The TEM samples were prepared 134
at a central laboratory and sent to each participating laboratory for imaging and CNC 135
particle size analysis.   136

137
From the ten laboratories that participated in the ILC study, four data sets (Lab1, 138

Lab2, Lab6, and Lab7) were selected for SMART analysis (see Table 1), based on the 139

relatively large variation in their reported CNC particle size measurements and the 140

imaging parameters used. Note that for Lab1, TEM images were taken at two different 141

magnifications resulting in different pixel size, but the image analysis results were 142

combined in the ILC report since no statistical difference between the two was detected.      143

Table 1 Imaging parameters and measurement summaries for each laboratory in the ILC study 144
report (Meija et al. 2020)145

Lab1 Lab2 Lab6 Lab7

Number of images 185 115 244 125

Image area (nm x nm) 705x705  &  574x574 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 (nm) * 116.6 (44.5) 94.5 (23.9) 77.8 (35.2) 87.6 (35.6)

Mean W (nm) * 7.8 (1.9) 8.0 (1.9) 7.5 (2.5) 6.9 (1.9)

Mean AR* 15.7 (6.4) 12.6 (4.1) 11.1 (5.0) 13.5 (5.8)

* The values for mean length, width, and aspect ratio are for skew normal fits to the 146
data. The skew normal distribution has 3 parameters: a mean representing the central 147
location, a scale factor as a measure of the distribution width (1 standard deviation in 148
parentheses) and a shape factor that accounts for the distribution (positive or negative) 149
asymmetry or skew.  150

151

SMART Semi-Automated Image Analysis Framework:   152

The identification of CNC particles and their size measurements were completed 153

using the recently developed SMART framework that employs a combination of 154

automated and semi-automated image processing algorithms. A brief description is given 155

here, but for complete details see Yucel et al. (Yucel et al. 2021). The SMART framework 156

uses a multi-step process that includes: (i) pre-processing to remove noise and improve 157

contrast in the image, (ii) CNC classification to identify individual CNCs for measurement, 158

and (iii) digital measurements and analysis tools for CNCs. Pre-processing is critical for 159

TEM images of CNCs that are typically noisy and have low contrast and edge sharpness.160

Pre-processing used a sequence of image processing algorithms that included: contrast 161

enhancement, smoothing (for noise removal), sharpening, and then segmentation (e.g., 162

the separation of objects being imaged from the substrate background).  163
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For pre-processing, choosing the proper filter levels is important for detecting the 164

CNC edges.  Image processing filter size (N by N neighborhood) and pixel size are inversely 165

proportional; for further details see Yucel et al. (Yucel et al. 2021). Filter size for smoothing 166

and sharpening operations (i.e., choosing the level 1-5 filter sizes) was determined after 167

an initial analysis of a 10-image data set for each laboratory. Noisy image data sets (all but 168

Lab2) were processed with level 5 for smoothing and level 5 for sharpening, while the less 169

noisy data set (Lab2) was processed with level 1 for smoothing and level 5 for sharpening. 170

The filter size for segmentation is automatically calculated based on the pixel size 171

information. The time to determine pre-processing filter levels ranges between 5 to 20 172

mins for each laboratory depending on the quality of TEM images.  173

Image Quality Assessment:174

Image quality influences how effective SMART is at the identification and 175

measurement of CNCs. Images were analyzed qualitatively (e.g., CNC density, and 176

individual CNC selection) and quantitatively (e.g., CNC groupings, image noise and 177

contrast). To quantify image noise and contrast, SMART first performs image 178

segmentation so that each pixel in the image is either assigned as CNC or background. 179

Each pixel has a grayscale density value between 0 to 255, and the segmentation process, 180

which was explained in our initial study in detail (Yucel et al. 2021), assigns 0’s for 181

background pixels and 1’s for CNC pixels (Fig. 1b). The original grayscale values of 182

background pixels (black pixels in Fig. 1b) are analyzed (the histogram of these pixel values 183

is shown with blue bars in Fig. 1c), and the standard deviation of these values is used to 184

parameterize the background noise of the image. If the background region consists of 185

pixels with a large variation in grayscale intensity values (i.e., high standard deviation), it 186

appears as a noisy and grainy background that challenges the detection of CNC edges. The 187

original grayscale values of CNC pixels (white pixels in Fig. 1b) are also analyzed (the 188

histogram of these pixel values is shown with orange bars in Fig. 1c). The difference 189

between the mean of CNC pixel values and the mean of background pixel values is used 190

to parameterize the contrast of the image. This difference is represented as ∆ in Fig. 1c 191

where black vertical lines show the means of both histograms. In the 10-image date set 192

study, the influence of image noise, contrast and CNC agglomeration on individual CNC 193

identification and measurement was investigated.194

195

196

Fig. 1 Image quality assessment illustrating contrast and noise assessment using a TEM image 197
from Lab2. a) Original (grayscale) TEM image with pixel values from 0 to 255. Background pixels 198
have darker and lower intensity values, while CNC pixels have lighter and higher intensity values 199
(see part c). b) Segmented (binary) image for which pixels are either 0 (background) or 1 (CNCs). 200
c) Histograms of the grayscale intensity values for background (blue bars) and CNC pixels (orange 201
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bars). The black vertical lines show the mean values (120 for background and 150 for CNC pixels), 202
and ∆ (30) is the difference between the means. Noise is the standard deviation of the blue bar 203
histogram (background intensity scatter). 204

CNC Grouping Identification:205

The ideal well separated and uniformly distributed CNC configuration on a TEM 206

grid is difficult to achieve. In this work, CNCs were categorized into three groups: border 207

CNCs, isolated CNCs (e.g., no contact with other CNCs), and agglomerated CNCs (e.g.,208

multiple CNCs touching, overlapping, parallel stacked, etc.). Border CNCs are objects that 209

touch one of the edges of the image and are identified using the built-in MATLAB function 210

imclearborder (MATLAB 2020). Isolated and agglomerated CNCs were identified using a 211

2-step process: coarse grain selection and a fine grain selection. The coarse grain selection 212

is based on encapsulating the object within an ellipse and calculating the major and minor 213

axes lengths (Fig. 2a, 2b). By selecting a unique combination of ranges for aspect ratio 214

(i.e., the ratio of the length of the major axis over the length of the minor axis) and size 215

limitation (e.g., minimum and maximum lengths of major and minor axis), isolated CNCs 216

can be distinguished from agglomerates. The parameters used in this study for isolated 217

CNCs are typical of those produced from wood pulps: aspect ratio greater than 2.5, major 218

axis length between 15 nm and 250 nm, and minor axis length of less than 15 nm. These 219

parameters were selected based on prior reports in the literature (Jakubek et al. 2018).   220

The fine grain selection used chord length analysis to further assess the width of 221

an object, to identify if there are parallel stacked or “stepped” CNCs (Fig. 3e, S1). Chord 222

length analysis of each object in the segmented image starts with the rotation of the 223

object so that the major axis lies horizontally (as in Fig. 2c), then measures the lengths of 224

vertical chords (e.g. red lines in Fig. 2c) which represent the width profile of the object 225

(Fig. 2d). This same procedure is repeated to obtain the length profile. A specific width 226

ratio, the ratio of the maximum width over the average width (e.g., wratio = wmax/wave), is 227

defined (wratio > 1.5) and used to remove parallel stacked CNCs. Fig. 3 demonstrates an 228

example of the fine grain selection by comparing an approximately elliptical-shaped CNC 229

and a stepped object that could be parallel stacked CNCs.230

231

Fig. 2 Schematic showing coarse grain selection: a) an isolated CNC and b) overlapping CNCs, with 232
their corresponding elliptical construct (black line), minor axis (red line), and major axis (blue line) 233
overlaid. The fine grain selection is based on cord length analysis.  c) The segmented CNC image 234
horizontally rotated, vertical and horizontal cords are measured. The three red lines represent 235
three chords that are perpendicular to the long axis of the CNC and representing particle width.  236
d) The width profile (red thin line) consists of the collection of vertical chord lengths along the 237
long axis of the CNC particle. The black points mark the range used to estimate the width of the 238
CNC. The red dashed line is average value of the black points.239

The CNC length and width are obtained by averaging the chord values (black data 240

points in Fig. 3d). The selection of the averaging regions for length and width was 241
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empirically based on comparisons between SMART and manual measurements as 242

described in detail (Yucel et al. 2021). The range over which averaging occurred was based 243

on maximum chord minus 10% of the range of all chords for length and 50% for width. 244

Averaging over the selected longest cords removes artifacts associated with noisy 245

background pixels becoming “attached” to the periphery of the CNC and artificially 246

increasing the corresponding chord length. This attachment effect is more dominant for 247

width chords, as the size of the attachment can be a significant fraction of the width of a 248

CNC. As a result, the averaging range for width measurements was increased to 50 %. This 249

averaging approach reduces artifacts resulting from edge effect attachments on the 250

measurement of CNC length and width.  251

It is possible to assess CNC agglomerates by selecting intermediate sized objects 252

(e.g., greater in length or width and lower in aspect ratio than isolated CNCs). To illustrate 253

this a CNC grouping defined by aspect ratio higher than 4 and a minor axis length between 254

10 and 20 nm was used. This grouping would typically be several CNCs bundled together 255

either as parallel stacked, linear aligned or a combination of these two (Fig. S1). The 256

resulting length and width of such objects were estimated by fitting the SMART identified 257

periphery with an oval shape using MATLAB’s regionprops (MATLAB 2020).  The estimated 258

agglomerated object length and width were the maximum and minimum ellipse axis, 259

respectively (Fig. S1). A word of caution: the agglomerates observed for CNCs deposited 260

on the TEM grid may not represent the CNC configurations within a given CNC suspension. 261

However, if such agglomerates are confirmed to exist in the original suspension, they may 262

affect the performance of the suspension and should be characterized.   263

Area Percent:264

Area analysis is an additional metric that SMART can employ to characterize the 265

CNC configuration within TEM images. The area percent of individual, agglomerated, and 266

border CNCs with respect to the total image area or total CNC area can be calculated. Each 267

area value is obtained by counting the pixels of each color-coded group (e.g., area of 268

isolated CNCs is the number of red pixels, Fig. 3h). While the total CNC area is the total 269

number of all CNC pixels (i.e., sum of red, yellow, and light blue pixels, Fig. 3h), the total270

image area is the total number of pixels in an image (e.g., images are 2048 x 2048 pixels). 271

Calculating these area percentages, SMART can provide additional details on the 272

configuration, size and area percent of each group. As shown in Fig. 3h, the area covered 273

by isolated CNCs is a low fraction of the total area covered by CNCs.  274

275

Fig. 3 Width-based CNC selection using vertical chord profiles. a) Starting Lab6 TEM image. b) and 276
e) SMART encapsulation of CNC objects (green line). c) and f) segmented and rotated CNCs. d) 277
and g) width profiles. While an isolated CNC (b, c, and d) has a smooth width profile, parallel 278
stacked CNCs (e, f, and g) have a “stepped” structure and as a result was removed from being 279
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considered as an isolated CNC. h) CNC grouping and area percent of isolated CNCs (red objects –280
12 %), agglomerated CNCs (yellow objects – 57 %), and border CNCs (blue objects 31 %).281

282

Results and Discussion283

This study used SMART to analyze TEM images from the ILC study by Meija et al.284

on CNC particle size distributions measured by TEM (Meija et al. 2020). The advantages 285

of this ILC data set are that a well characterized CNC certified reference material was used, 286

all TEM samples were prepared by the organizing team using optimized techniques and 287

sent to the participating laboratories, and all laboratories followed detailed guidelines for 288

TEM imaging, the identification of isolated CNCs and measurements of their length and 289

width; all these factors help to minimize measurement artifacts. This allowed the ILC to 290

assess variations in laboratory-to-laboratory measurements associated with differences 291

in TEM equipment, image acquisition settings, resolution, and CNC selection. The SMART 292

analysis was completed in two phases: a detailed 10-image data set study (e.g., 10 TEM 293

images from each laboratory), and a more general analysis of the complete TEM image 294

data set.   295

10 TEM Image Data Set Analysis296

Detailed direct image-to-image comparisons between laboratories and between 297

image analysis approaches (SMART versus manual) was completed using a small subset 298

of TEM images. This was necessary to analyze and confirm how SMART identifies and 299

selects different objects within a given TEM image.  For each laboratory, 10 TEM images 300

were randomly selected from their data set, and SMART image analysis was completed, 301

and comparisons were made to assess: i) image quality differences between laboratories, 302

ii) CNC identification differences between SMART versus manual approaches, and iii) 303

differences in measured dimensions between SMART versus manual approaches for 304

commonly identified CNCs. For this 10-image data set study we have separated Lab1 into 305

Lab1-a and Lab1-b because TEM images were taken at two different magnifications 306

resulting in different pixel size and this separation allowed SMART to assess these data 307

sets separately.308

Image Quality Assessment:309

Image quality strongly influences the identification of CNCs and their size 310

measurements, affecting both SMART and manual image analysis approaches. Thus, it is 311

important to parameterize the features of image quality that directly affect image analysis 312

so that these factors can be considered. The ILC study reported that imaging resolution, 313

contrast, and analyst bias all contributed to variation in measurement. The study 314

suggested that a higher resolution (0.2 nm/pixel rather than the recommended 0.3 315

nm/pixel) would give a more accurate estimate of CNC width but was not a factor in the 316

accuracy of the estimate of CNC length. In the current study, the image quality from each 317

laboratory was sufficient for SMART analysis. However, as shown in Fig. S2, there was 318

some variation in image quality between the laboratories and an attempt was made to 319

assess these differences and understand how they affect the SMART identification and 320

size measurement of CNCs.321
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Image quality was parameterized using noise, contrast, pixel size, and CNC density within TEM 322
images. SMART assessed noise, contrast, and CNC area percentages as described in the methods 323
section.  The results are summarized in 324

325

326

327

328

Table 2 and show a low level of variation between the laboratories. Images with 329

lower noise, higher contrast, smaller pixel size (e.g., higher magnification), and lower CNC 330

density are expected to facilitate image analysis and improve the capability of SMART and 331

manual approaches to correctly identify and measure individual CNCs (Fig. 4). CNC density 332

was qualitatively assessed by relating the CNC area percent (e.g., total CNC area divided 333

by total image area) to the relative percentages of isolated CNCs versus agglomerated and 334

border CNCs. The total area percent of CNCs within the images for each laboratory was 335

less than ~12 %, and represented a combination of isolated, agglomerated and border 336

CNCs with a reasonable low level of CNC density. In general, a lower CNC area fraction 337

with a higher percentage of isolated CNCs indicates a lower CNC density. Examples of very 338

low and high CNC density levels are shown in Fig. S3. The pixel size was inversely related 339

to noise, with smaller pixel size associated with images with greater noise, but was not 340

related to contrast, CNC total area or CNC density. Pixel size was partially accounted for 341

in the SMART analysis during image pre-processing operations with the selection of 342

filtering operations (e.g., smoothing, sharpening, and segmentation) as mentioned in the 343

methods section and described in greater detail in Yucel et al. (Yucel et al. 2021).344

345

346

347

348

349

Table 2 Image parameters for each laboratory (10-image dataset)350

Lab1-a Lab1-b Lab2 Lab6 Lab7

Noise*,# 33.7-40.4

(36.3)

29.9-48.0

(36.3)

15.2-38.1 

(24.4)

35.6-43.1

(38.6)

46.6-48.5

(47.8)

Contrast*,# 13.8-21.5

(17.8)

23.5-36.3

(27.8)

7.0-39.6

(19.9)

6.8-47.5

(31.3)

6.2-24.4

(15.6)

Pixel size (nm) 0.347 0.281 0.463 0.33 0.197

CNC % of total image area # 4.6 12.1 8.6 3.9 9.5

Area over 

total CNC 

area

- Isolated % #

- Agglomerated %#

- Border % #

8.7

70

21.3

4.1

69

26.9

5.8

65

29.2

17.9

51

31.1

15.8

56

28.2
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*The observed range of pixel values is listed with the average in parentheses.  351
# SMART assessed noise, contrast and the area perecentages.352

353

354

Fig. 4 TEM images showing differences in image quality and the effect on individual CNC 355
identification.  a) and b) are images with mid-level contrast, low noise, and a lower CNC density 356
(Lab2), while c) and d) are images with low contrast, high noise, and higher CNC density (Lab7). 357
Manual identification of individual CNCs from the ILC study are shown in parts a and c, in which 358
the superimposed blue ovals highlight the identified CNCs. SMART identified individual CNCs are 359
shown in parts b and d, where the green outline is the SMART identified object perimeter. The 360
high noise, low contrast, and CNC agglomeration in TEM images increases SMART 361
misidentification of CNC fragments as individual CNCs (part d). Misidentified CNCs are labeled 362
with *. 363

CNC Identification Assessment:364

A detailed side-by-side comparison between SMART and manual analysis of each 365

image was used to assess the capability of SMART to identify individual CNCs and measure 366

their dimensions. Based on visual inspection of the TEM images, three aspects were 367

considered and grouped as: i) “shared” identification, where the same CNC was identified 368

in both SMART and manual, ii) “unshared” identification, where CNCs were identified only 369

in SMART or manual but not both, and iii) “misidentification” where objects were 370

incorrectly identified as individual CNCs. The total number of CNCs measured by both 371

analysis methods and the number of CNCs for the three groups are summarized in Fig. 5. 372

By taking the number of identified objects in each group and dividing by the total number 373



11

of objects identified for each laboratory, we can assess the percentages. The shared 374

identification group accounted for approximately half of all the CNCs identified, except 375

for Lab1-b, which is much lower. Interestingly, the observation that the shared 376

identification accounts for only approximately half of the identified CNCs indicates that 377

SMART analyzes features within the images differently than the manual approach. 378

Likewise, this also leads to higher percentages of the unshared identification groups, 379

where the range was between 14 % to 35% for SMART (e.g., manual did not identify 380

these), and between 18% to 58% for manual (e.g., SMART did not identify these). 381

Combining the shared and unshared identification groups gives the percentage of 382

“correctly” identified CNCs. For SMART Lab1-a (78%), Lab1-b (58%), Lab2 (78%), Lab6 383

(72%), and Lab7 (59%), while for manual Lab1-a (76%), Lab1-b (87%), Lab2 (73%), Lab6 384

(81%), and Lab7 (70%). There was fairly good agreement between SMART and manual 385

approaches except for Lab1-b, and Lab7, which revealed a higher level of misidentification 386

for SMART.387

The level of misidentification, as identified by one of co-authors, was within the range 388

of 22 % to 41 % for SMART, and 13 % to 30 % for manual depending on the given 389

laboratory data set. Some level of misidentification is to be expected, but it should be 390

noted that our visual assessment of “misidentification” is subjective, and thus should be 391

considered a qualitative assessment.  Regardless, the observation that both SMART and 392

manual approaches have misidentified objects as individual CNCs shows that neither 393

approach is perfect.   394

Misidentification by SMART was primarily based on identifying fragments of 395

agglomerated CNCs as isolated CNCs as shown in Fig. 4d, S4 and seemed to be 396

exacerbated in images with higher noise, lower contrast, smaller pixel size and higher CNC 397

density. These four parameters act concurrently, making it challenging to observe trends 398

as to the impact of each parameter on the level of misidentification for these five data 399

sets (400

401

402

403

404

Table 2). The highest misidentification for SMART was 41 % for Lab7 and Lab1-b, and 405

for manual it was 30 % for Lab7.  The Lab7 images had the highest noise, lowest contrast, 406

smallest pixel size, and a higher CNC density, while Lab1-b images had high noise, high 407

contrast, small pixel size, and the highest CNC density (e.g., a total CNC area of 12.1 %, of 408

which 96 % was either agglomerated or border CNCs, see Fig. S2b, S3b). This combination 409

for Lab1-b was challenging for SMART, but less so for the manual approach in which only 410

13 % of CNCs were misidentified. Interestingly, when comparing Lab1-a and Lab1-b, 411

SMART analysis had fewer misidentifications for Lab1-a, despite having the same level of 412

noise, lower contrast, and larger pixel size.  The key difference was in the CNC distribution 413

within the images, in which Lab1-a had a lower CNC density as compared to Lab1-b (e.g., 414

Lab1-a had a lower CNC area fraction consisting of a lower percentage of agglomerated 415

and border CNCs as compared to Lab1-b). Lower CNC density within images seems to 416

facilitate SMART analysis.  In support of this, the highest shared CNC identification for 417
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both SMART and manual was for Lab1-a and Lab6, both of which have a lower CNC density 418

within the images. In general, higher CNC area fraction and a larger number of 419

agglomerated CNC configurations are extremely challenging for SMART, since the 420

localized contrast variations cause SMART to misidentify agglomerate fragments as 421

isolated CNCs (Fig. 4d, S4).  422

Misidentification by manual image analysis was primarily based on identifying 423

multiple CNCs aligned end-to-end or parallel stacked CNCs as single particles. For 424

example, as shown in Fig. 4c (lower right), there are three objects identified as individual 425

CNCs, however, the step-like features of these objects suggests that they may be parallel 426

stacked CNC agglomerates. Note that this assessment is subjective as CNC identification 427

is tricky at best, which is why the analyst’s experience and ability to consistently apply 428

particle selection guidelines are critical for manual analysis. The ILC study had initially 429

tested the manual image analysis protocol by sending a single small image set to multiple 430

labs for analysis. There was significant variation in the number of particles counted and 431

the mean lengths and widths. Although the protocol was further optimized prior to data 432

acquisition and image analysis by each participant, the final results indicated that analyst 433

subjectivity was still an important contributor to variation between laboratories.   434

435

Fig. 5 Comparison of SMART and manual analysis for CNC identification from the 10-image data 436
set study: 1) Shared identification (correctly identified by both methods) 2) Unshared 437
identification (correctly identified by one method but not the other) 3) misidentified (incorrect 438
identification).439

CNC Measurement Assessment:440

Considering the commonly identified CNCs by both methods (e.g., the shared 441

identification group) length and width measurements of each CNC were compared point-442

by-point in Fig. 6 and Fig. S5 where the x-axis in Fig. 6c represents the manual 443

measurement values and the y-axis represents SMART measurement values.  If SMART 444

and manual measure the same length or width for a given crystal, the data point would 445

fall directly on the black line. In general, the length measurements from the two methods 446

are in good agreement (i.e., the majority of the points lie on the black line, SMART = 447

manual). There were a few cases where SMART measurements were lower than those 448

from manual, which is indicative of SMART “trimming” off the ends of lower contrast CNCs 449
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as described in Yucel et al. (Yucel et al. 2021). The width measurements have some 450

difference between the two approaches; thinner CNCs (e.g., less than 6 nm) are larger in 451

SMART measurements, while thicker CNCs (e.g., greater than 7 nm) have smaller SMART 452

measurements than for manual. This is not surprising as the manual widths 453

measurements are very challenging. For example, the CNC widths are so small that the 454

manual placement of the lines on the CNC edge and maintaining a perpendicular cross-455

section from the length was very difficult. In addition, placing the line on the edge versus 456

just outside the edge would make for differences in width measurement. The level of 457

analyst fatigue completing such measurements can be high. The average length and width 458

measures are reported in Table S1; for the shared CNC group the difference between 459

SMART and manual for each laboratory was typically less than 5%, except for the Lab6 460

width measurement which was about 15 % larger for the manual method. These results 461

indicate that the SMART and manual approaches give very similar values for the same 462

particle. When considering all CNCs (e.g., shared, unshared, and misidentified) the mean 463

values of length for each lab change by up to 20 %, but less than 10 % for width. The 464

inclusion of the unshared and misidentified objects can increase the differences between 465

SMART and manual length measurements, substantially, as was the case for Lab1-a (45 466

%), and Lab1-b (31 %), and is indicative of the effect of differences in object selection 467

between SMART and manual approaches. Despite the level of unshared and possibly 468

misidentified objects, the overall agreement between the two methods suggests that 469

SMART is “as good as a human”.  470

471

472

Fig. 6 Side-by-side image analysis comparison between SMART and manual methods for Lab1-a.  473
a) Manual identification and measurements. Three CNCs were identified and measured (blue 474
ellipses superimposed only as a highlight), b) SMART identified four CNCs (green outline is SMART 475
identified CNC perimeter), three of which were identical to manual measurement, c) one-to-one 476
comparison of measured length and width for each of the 19 commonly identified CNCs in the 477
10-image data set for Lab1-a.478

Complete Image Data Set Analysis479

The complete TEM image data sets for each laboratory were analyzed by SMART. This 480

larger image data set is more representative of that used for typical CNC particle 481

morphology characterization, where the number of measured CNCs is more likely to reach 482

the critical threshold necessary to obtain representative values for particle length and 483

width. The image data sets for Lab1-a and Lab1-b were combined as the ILC study 484

confirmed that the manual measurements were not statistically different. From the 485
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complete TEM image data set the following five aspects were studied: i) Comparing 486

laboratories with SMART, ii) SMART versus manual assessment, iii) representative487

measurement assessment, iv) area fraction assessment, and v) CNC agglomeration 488

assessment.489

Comparing Laboratories with SMART 490

Comparison of the SMART length-width 2D histograms for each laboratory (Fig. 7) shows a similar 491
profile shape, length and width ranges and the location of a higher intensity probability zone.  492
The histogram profile appears to have an “oval” shape with one end positioned at low width and 493
length and the other end position at high width and length, which indicates that wider CNCs have 494
longer lengths. There is also a smaller zone of higher probability, centered near a length of 60 nm 495
to 70 nm and a width of 6 nm to 7 nm. This zone of higher probability is similar to the results 496
reported by Jakubek et al. (Jakubek et al. 2018) for manual analysis of TEM images of the same 497
CNC certified reference material (CNCD-1) that is used in this current study (CNCD-1 2016). In 498
Table 3, the SMART mean length (92.4 nm, 98.4 nm, 89.2 nm, 77.9 nm), mean width (7.9 nm, 8.1 499
nm, 7.0 nm, 7.6 nm), and mean aspect ratio (11.7, 12.1, 12.9, 10.2) for each laboratory (Lab1, 500
Lab2, Lab6, Lab7, respectively) were similar and variations in the means between laboratories 501
was well within the range of standard deviation for the 4-laboratory mean. This consistency in 502
measurements suggests that the variations in image contrast, noise, pixel size and CNC density (503

504

505

506

507

Table 2) from the different laboratories did not have a significant effect. However, 508

there may be some limited discrepancy for Lab7 as it has the lowest mean length and 509

aspect ratio, which may be attributed to the combination of the highest noise, lowest 510

contrast, smallest pixel size, and high CNC density within TEM images (511

512

513

514

515

Table 2, Fig. 4c, 4d), which caused SMART to misidentify fragments as single CNCs516

and subsequently shift the measurements to lower lengths and aspect ratios.517

SMART versus Manual Assessment: 518

The number of TEM images for the four laboratories ranged between 115 to 244 519

(Table 1), from which the SMART and manual approaches identified similar numbers of 520

CNCs (e.g., 500 to 600 CNCs) except for Lab6 for which the manual approach identified 521

1179 CNCs (Table 3).  The average number of CNCs analyzed per image for laboratories 522

1,2,6,7 was similar (SMART: 2.9, 3.9, 2.3, 5.1; manual: 3.4, 4.6, 4.8, 4.5, respectively). The 523
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analysis time for SMART was less than 15 mins for each laboratory (Table 3). The analysis 524

time for the manual approach was not reported by ILC participants, so an estimate of 30 525

s/CNC was used here, which includes the analyst’s time to identify isolated CNCs, measure 526

their dimensions, and record and plot the data. While the shorter analysis time is an 527

important advantage of SMART, consistency in particle selection and measurement is 528

essential. 529

In general, there was reasonable agreement in CNC particle size measurements 530

between SMART and manual approaches as assessed by considering the mean lengths 531

and widths, (Table 3), the length and width distributions (Fig. S6), and the length-width 532

2D histograms (Fig. 7). Both approaches measured similar means for length (77 nm to 99 533

nm, except for the manual - Lab1 of 116.6 nm), width (6.9 nm to 8.1 nm) and aspect ratios 534

(10.2 to 15.7). Interestingly, the average mean for the four laboratories is remarkably 535

similar for SMART and manual approaches (length 89.5 nm, 93.9 nm, width 7.7 nm, 7.5 536

nm, and aspect ratio 11.7, 13.1, respectively). The measurement distributions for both 537

SMART and manual were similar. Length and aspect ratio measurement had asymmetrical 538

distributions with the peak shifted to lower values and a tail to higher values (Fig. S6). The 539

width measurement distribution was nearly symmetrical for both SMART and manual 540

approaches, with SMART having a narrower distribution (Fig. 7, S6). The width 541

distributions may be narrower for SMART (than manual) due to the filter parameters 542

used, though as demonstrated in the fitting parameter study in Yucel et al., there was only 543

a maximum of 10 % error in width measurement when comparing the smallest and largest 544

filter parameters (Yucel et al. 2021).   545

Table 3 SMART versus manual analysis summary for each lab. (Complete image data set)546

Lab1 Lab2 Lab6 Lab7

SMART Manual SMART Manual SMART Manual SMART Manual

# CNCs 536 627 449 525 580 1179 633 561

��  (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)

��   (nm) 7.9 (1.1) 7.8 (1.9) 8.1 (1.5) 8.0 (1.9) 7.0 (1.5) 7.5 (2.5) 7.6 (1.4) 6.9 (1.9)

������ (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 deviation547
* Estimated analysis time based on 30 seconds per CNC.  548
** SMART analysis time does not include time to optimize pre-processing parameters.  549

550

In general, the length-width 2-D measurement histograms show a good level of 551

overlap between the SMART and manual approaches (Fig. 7, top vs. bottom row, 552

respectively). As described in the prior section the SMART histogram profile is oval 553

shaped, has a higher probability zone and is consistent between the four laboratories. In 554

contrast, the manual profile appears to be more circular in shape, with a less well-defined 555

zone of higher probability, and is less consistent between the four laboratories. Manual 556

analysis of Lab1 appears to be more of an outlier having a wider spread in length and 557

width. Interestingly, since SMART shows lower laboratory-laboratory variation as 558

compared to manual, it suggests that by using SMART the variability of analyst bias of 559

manual approach, which is different at each laboratory, is removed and thus improves the 560

consistency in CNC size measurement between the laboratories. This outcome agrees 561

with the conclusions from ILC study that generated the data used in the current study 562

(Meija et al. 2020). The authors of the ILC paper stated that ‘analyst bias/subjectivity and 563
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sample heterogeneity are the main sources of ILC variability. The subjectivity in choice of 564

analyzable CNCs can in principle be reduced by use of automated image analysis methods 565

that are currently being developed.’  566

567

568

Fig. 7 2D-probability histograms for CNC length and width measurements for SMART and manual 569
analysis. Each small box within the plots represents an interval of 10 nm for length and 0.5 nm for 570
width. Less than 2 % of the data lies outside of these plots (e.g., 1.8 % of Lab1 – manual data set 571
has CNCs with length > 250 nm). Note that probability times total number of CNCs (Table 3) for a 572
given laboratory gives the count for each box.573

The SMART and manual analysis results for the four laboratories can also be 574

compared to the overall consensus values obtained from the ILC study. The latter are 575

based on manual analysis of ten laboratory data sets and development of a final 576

consensus values using a data pooling approach. This gave mean values of 95.8 nm and 577

7.65 nm for length and width, respectively, with distribution widths (1 standard deviation) 578

of 39.0 nm and 2.20 nm. The manual analysis for the four data sets used here gave means 579

of 94.0 nm and 7.53 nm for CNC length and width in good agreement with the consensus 580

values. The SMART analysis means of 89.5 nm and 7.65 nm for length and width are also 581

in good agreement with the ILC consensus values, particularly for width. Although the 582

length values from SMART and manual analysis differ by ~ 5 nm, the standard deviations 583

are sufficiently large that one cannot distinguish whether this is a statistically meaningful 584

difference. Nevertheless, the level of agreement for a limited number of data sets is 585

impressive and indicates the utility of the SMART approach for dramatically reducing the 586

analysis time compared to a manual approach. 587

Representative Measurement Assessment:588

The SMART analysis can simultaneously calculate cumulative means (length and 589

width) for every measured CNC and give feedback to the analyst to help assess when 590

measurements are representative (e.g., reach a stable or steady-state value). By tracking 591

the percentage change from the overall mean for each cumulative mean value it may be 592

possible to assess when a representative measurement has been achieved. The 593

cumulative mean length and width and the percent change versus number of CNCs 594

measured for each of the four laboratories are shown in Fig. S7. During analysis as more 595

measurements are added the cumulative means and the percent change curves will 596

oscillate and generally taper off to a constant value. This is what was observed for each 597
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laboratory, indicating that a sufficient number of CNCs were measured to obtain a 598

representative measurement. The horizontal dashed lines represent the mean length or 599

width values for the entire data set, which are listed in Table 3. For Lab1, 536 CNCs were 600

measured and gave a mean length and width of 92.4 nm and 7.9 nm, respectively (Fig. 601

8a). The percent change curves can highlight the scale of deviation from the data set mean 602

value and can give more confidence when assessing if a representative measurement has 603

been achieved. For example, if 300 CNCs were measured (Fig. S8), the corresponding 604

mean length (96.8 nm) and width (7.9 nm) differ from the means obtained after 536 CNC 605

measurements by only 4.7 % and 0 %, respectively (Fig. 8b). Thus, with the additional CNC 606

measurements from 300 to 536 the change in mean length and width were small, which 607

further confirm that the overall means are representative measurements.  Interestingly, 608

for this example, width measurements were stable with near zero percent differences 609

after only 200 measurements, demonstrating that a stable measurement was achieved 610

more readily for width than length. When assessing how many measurements to perform, 611

the analyst needs to determine what percent difference (or error) is acceptable for their 612

measurement purposes.  Additionally, when used concurrently with the imaging 613

experiments, SMART can be used to help guide the analyst when to stop collecting more 614

images.         615

616

Fig. 8 SMART assessment of the critical number of analyzed CNCs to reach a representative 617
measurement. a) Cumulative mean length and width versus number of CNCs measured for 618
SMART-Lab1, where the dashed lines show the calculated mean length and width value for the 619
entire TEM data set (e.g., 536 CNCs measured). b) Percent change in cumulative mean length and 620
width versus number of measured CNCs for SMART-Lab1 measurements. 621

Area Fraction Assessment:622

The area fractions of isolated and agglomerated CNCs provided by SMART can be 623

used to provide a quantitative assessment of the CNC density within TEM images. Correct 624

identification and measurements of the CNCs depend on how well dispersed the CNCs are 625

on the TEM grid. The dispersion level varies significantly both within and between 626

samples, as illustrated in Fig. S3 which shows very low (Lab6) and high (Lab1-b) CNC 627

densities. Assessment of the CNC density was performed by relating the total CNC area to 628

the total image area as well as to the specific CNC grouping areas (i.e., isolated, 629

agglomerated, and border). Fig. 9 shows the area percentages for the three CNC groupings 630

for each laboratory. Each stacked bar represents the area percent of isolated CNCs (red), 631

CNC agglomerates (yellow), and border CNCs (blue). The total CNC area percent over total 632
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image area for each laboratory ranged between ~6 % to ~14 %, with the corresponding 633

area percent ranges for isolated CNC (0.3 % to 1.4 %), agglomerated CNCs (4.0 % to 9.3 634

%), and border CNCs (2.1 % to 3.4 %) as summarized in Table S2 and Fig. 9. The relevance 635

of this area analysis is that it gives a quick quantitative indicator as to the CNC density 636

within the image. Isolated CNCs account for 3.7 % to 10.1 % of the total area covered by 637

CNCs within the images, demonstrating that only a small fraction of the CNCs seen within 638

a TEM are used to assess CNC particle morphology. This is currently standard practice and 639

reflects the challenges with obtaining well-dispersed CNC samples. 640

641

Fig. 9 Area fractions of each CNC group (i.e., isolated, agglomerated, and border) over total image 642
area for each laboratory. The values are the average of the entire image data set for each lab 643
analyzed by SMART.644

CNC Agglomeration Assessment:645

To provide additional morphology information, SMART can analyze the 646

agglomerated CNCs, which compose 59 % to 66 % of the CNCs within the TEM images. 647

CNC agglomeration can take many forms, including multiple CNCs touching, overlapping, 648

linearly linked, parallel stacked, etc. SMART was used to identify two subsets of linearly 649

and parallel stacked agglomerate morphologies (Fig. S1).  These objects were identified 650

by two approaches: i) “stepped” objects  were the objects removed by width-based 651

selection from the standard SMART analysis (i.e., aspect ratio greater than 2.5, major axis 652

length between 15 nm and 250 nm, minor axis length of less than 15 nm), and a width 653

ratio greater than 1.5 as defined by the maximum width over the average width, and ii) 654

“grouped” objects were defined by having an aspect ratio greater than 4 and minor axis 655

length between 10 nm to 20 nm. Other agglomerate morphologies could also be analyzed, 656

requiring only small adjustments to object selection criteria. Visual inspection of features 657

that SMART identified as “stepped” and “grouped” (Fig. S9) confirmed that object 658

selection was consistent with the “stepped” and “grouped” selection criteria. The stepped 659

CNC objects were predominately isolated objects that had a rougher edge profile than the 660

isolated CNC selection, a result consistent with parallel stacked CNCs. Additionally, some 661

objects were identified where the roughness was caused by interaction of background 662

noise with the CNC edge. The grouped CNC objects were typically longer, wider, and had 663

a rougher edge profile than the isolated or stepped CNC selections. These objects 664

appeared to be multiple CNCs; many were isolated objects, but some were fragments 665
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from larger agglomerates. The selection of the stepped and grouped CNC objects also 666

appeared to be influenced by image quality. The length and width measurements of the 667

stepped and grouped CNC objects were based on the maximum and minimum ellipse axis 668

used to encapsulate the object. As shown in Fig. S9, the ellipse simplifies the object, while 669

still capturing the average length and width of the object. 670

A summary of the size measurement of isolated CNCs, stepped CNCs and grouped 671

CNCs is given in Fig. 10. For all four laboratories, the mean length measurements of the 672

stepped CNCs were similar to the isolated CNCs. In contrast, the grouped CNCs were 673

longer and had a broader distribution, which was expected based on the object selection 674

criteria. The width measurements of the stepped and grouped CNCs were larger than that 675

of the isolated CNCs. The length-width 2D histograms for isolated, stepped, and grouped 676

CNC plots for Lab1 are given in Fig. S10, and show pictorially how the stepped objects are 677

wider and how the grouped objects are much wider and longer than the isolated CNCs. 678

The inclusion of the stepped and grouped objects increased the number of objects (e.g., 679

for Lab1, 706 stepped, 1416 grouped) and area percentage of the cellulose within the TEM 680

image to be analyzed. The area percent for the stepped and grouped objects for each lab 681

was: Lab1 (0.5 % ,0.9 %), Lab2 (0.9 %, 1.1 %), Lab6 (0.4 %, 1.1 %), and Lab7 (0.7 %, 1.7 %), 682

respectively. When combined, this stepped and grouped area percent accounts for 683

approximately a quarter of the agglomerated CNCs within the TEM images, which could 684

give greater insight into the types of object morphologies that make up a given CNC 685

suspension. These results should be considered cautiously as it is unclear if such 686

agglomerates are artifacts from the TEM sample preparation or are hard agglomerates 687

that existed after CNC preparation in suspension. The relevance here is that hard CNC688

agglomerates are likely to influence the properties of suspensions (e.g., rheology, self-689

assembly, etc. ) and their utilization in various applications. With SMART we have a tool 690

to facilitate investigation of such questions. 691
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692

Fig. 10 Size measurements of isolated CNCs, stepped CNCs and grouped CNCs. Object length and 693
widths are estimated by the major and minor axis length of the oval encapsulation of the given 694
object, respectively. Diamond and star markers represent mean values for each group, with filled 695
symbols for the isolated CNCs. Upper and lower edges of the vertical rectangles correspond to 696
the 75th and 25th quartiles for each group. 697

Conclusion698

A semi-automatic image analysis program, SMART, analyzed TEM images from 699

four laboratories that participated in a recent ILC study (Meija et al. 2020) on CNC particle 700

size measurement. The SMART results were compared to the manual analysis of the same 701

images by ILC participants. The SMART analysis was completed in two phases: a detailed 702

image-to-image study of 10 TEM images from each laboratory, and a more general 703

analysis of all TEM images from each laboratory. 704

In the detailed image-to-image study, comparisons in CNC identification between 705

SMART and manual approaches were classified into three categories: i) “shared” 706

identification, where the same CNC was identified in both SMART and manual, ii) 707

”unshared”  identification, where CNCs were identified only in SMART or manual but not 708

both, and iii) “misidentification” where objects were incorrectly identified as individual 709

CNCs. In general SMART and manual approaches identified the same CNCs nearly 50 % of 710

the time, where SMART correctly identified individual CNCs (e.g., shared and unshared 711

CNCs) 58% to 78 % of the time, and manual was 70 % to 87 % of the time.  The inclusion 712

of the misidentified objects (22-42% for SMART, and 13-30% for manual) in CNC size 713

measurements was the primary cause of deviations between SMART and manual image 714

analysis results. SMART was able to parameterize image quality, quantifying noise and 715

contrast and qualitatively assessing CNC density within TEM images. In general, the noise, 716

contrast level and CNC density for the images were compatible with use of the SMART 717
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approach for identifying isolated CNCs and measuring their dimensions. However, it was 718

observed that images with a combination of higher noise, lower contrast, smaller pixel 719

size, and higher CNC density, resulted in increased SMART misidentification of CNC 720

agglomerate fragments as individual CNC particles (e.g., Lab1-b and Lab7).  721

The SMART analysis of all TEM images was a large data set in which the number 722

of images analyzed and number of CNCs measured was as follows: Lab1 (185, 536), Lab2 723

(115, 449), Lab6 (244, 580), and Lab7 (125, 633), respectively. In general, there was overall 724

good overlap in SMART and manual image analysis of CNC length and width. SMART had 725

narrower distributions in width and contained a smaller zone of higher probability in 726

length-width 2D histograms, centered near the length of 60 nm to 70 nm and width of 6 727

nm to 7 nm, which was consistent across all four labs. SMART also showed an expected 728

trend that wider CNCs have longer lengths, that was less apparent with the manual 729

measurements. Laboratory-laboratory variation was lower for SMART as compared to 730

manual, suggesting that by using SMART the variability of analyst bias of manual approach 731

was reduced. By plotting the cumulative mean length and width and the percentage 732

change from the overall mean versus number of CNCs measured, the SMART analysis 733

provides a mechanism to assess the likelihood of reaching a representative measurement 734

for CNC particle size.  SMART area analysis of CNCs within the TEM images found that less 735

than 10 % of the total area covered by CNCs was due to isolated particles, indicating that 736

the majority of CNCs within a given TEM image are not characterized. As a demonstration 737

to assess more of the CNC material within the TEM images, a function was added to 738

SMART to analyze a small subset of linearly aligned and parallel stacked CNC 739

agglomerates. However, as it is unclear if such agglomerates are artifacts from the TEM 740

sample preparation or are hard agglomerates that existed in the starting CNC suspension, 741

the implications of such results should be considered cautiously.   742

After the initial optimization of processing parameters, the SMART image analysis 743

time was less than 15 mins for each laboratory (having between 115 to 244 images). This 744

analysis included object identification (individual, agglomerate, and border CNCs), object 745

measurements (length, width, aspect ratio, area), and all plotting of data (e.g, 1-D 746

histogram, 2-D histograms, cumulative means and percent change). The utility of the 747

SMART approach for dramatically reducing the analysis time compared to a manual 748

approach is demonstrated by the encouraging level of agreement in CNC particle size 749

measurements from the SMART and manual approaches. The level of agreement in CNC 750

size measurement between SMART and manual approaches, the lower laboratory-751

laboratory variation, the lower analyst bias and fatigue, the additional measurement 752

capability, and the increased speed of image analysis highlights an opportunity with 753

SMART to improve the standardization of CNC size characterization. The SMART code is 754

now available for the public to use for free at Github™ (https://github.com/seyucel/CNC-755

SMART).    756
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