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Abstract

This paper reports an interlaboratory comparison that evaluated a protocol for measuring and analysing the particle
size distribution of discrete, metallic, spheroidal nanoparticles using transmission electron microscopy (TEM). The
study was focused on automated image capture and automated particle analysis. NIST RM8012 gold nanoparticles
(30 nm nominal diameter) were measured for arca-equivalent diamelter distributions by eight laboratories. Statistical
analysis was used o (1) assess the data quality without using siz¢ distribution reference models, (2) determine
relerence model parameters for different size distribution reference models and non-lincar regression fitting methods
and (3) assess the measurement uncertainty of a size distribution parameter by using its coeflicient ol variation. The
interlaboratory arca-equivalent diameter mean, 27.6 nm + 2.4 nm (computed based on a normal distribution). was
quite similar to the area-equivalent diameter, 27.6 nm, assigned to NIST RM8012. The lognormal reference model
was the preferred choice lor these particle size distributions as, for all laboratories, its parameters had lower relative
standard errors (RSEs) than the other size distribution reference models tested (normal, Weibull and
Rosin-Rammler-Bennett). The RSEs for the fitted standard deviations were two orders ol magnitude higher than
those for the fitted means, suggesting that most of the parameter estimate errors were associated with estimating the
breadth of the distributions, The coefficients of variation for (he interlaboratory statistics also confirmed the
lognormal relerence model as the preferred choice. From quasi-linear plots, the typical range for good fits between
the model and cumulative number-based distributions was 1.9 fitted standard deviations less than the mean to 2.3
fitted standard deviations above the mean. Automated image capture, automated particle analysis and statistical
evaluation of the data and fitting coefficients provide a framework [or assessing nanoparticle size distributions using
TEM for image acquisition.
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1. Introduction

1.1, Nanoparticle size distributions by transmission electron
microscopy

Nanotechnology research is accelerating innovation.  For
example. the numberof nanoparticle patents has an exponential
growth rate of >30% in recent years. Nano-objects are
materials with one, two or three external dimensions on
the nanoscale, nominally ranging from I nm to 100nm |1].
Nanoparticles, which have all three external dimensions on the
nanoscale, have performance properties that often depend on
their physico-chemical characteristics, i.c. size. shape, surface
structure and texture.  For example, catalytic properties of
nanoparticles usually depend on their crystal structures, size
distributions and exposed surfaces, edges and corners. The
erowth rates of dilferent crystallographic surfaces can vary,
leading to asymmetric particles |2]. Toxicity can be aflected
by nanoparticle size [3]. which makes this an important
metric for risk assessment |4, 5]. Stakeholders in nanoparticle
characterization include industry, academics, government
agencies (and particularly, regulatory agencies), and the
general public through non-governmental organizations,

There are a wide variety of analytical methods for
particle size measurements, including electron microscopy,
dynamic light scattering [6], centrifugal liquid sedimentation,
small-angle x-ray scattering. field {low (ractionation, particle
tracking analysis, atomic (orce microscopy [7] and x-ray
diffraction [8].  These methods are based on different
measurands, and a comparison between methods should be
made with care.  Many of the measurement methods for
particle sizes on the nanoscale have focused on assessing an
average particle size for the sample. Performance properties of
nanoparticles often depend on size and shape and few particle
size distributions of commercial products are monomodal and
narrow in range. In fact, the nanoparticle size distribution
is important to product performance in applications, in the
environment, and for health and safety and for regulations.
Transmission electron microscopy (TEM) methods provide
two-dimensional images of nanoparticles; these images can
be used to produce number-based size distributions.

1.2, Analysis and reporting of size distributions

Because we are interested in more than a single point
representation of the sample size, we compared appropriate
reference distributions, such as the normal. lognormal and
Weibull distributions, with particle size distribution data.
TEM particle size data were converted directly to cumulative
number-based distributions.  This information is useful for
both nanoparticle applications, for which the surlace properties
may be distinctly different below a specific length seale, and
regulatory requirements, for which the fraction of particles
below a length scale of 100 nm would be related to whether the
sample is on the nanoscale. Size distribution reference models
generally have two paramelers, representing the size and the
shape of the distribution. For the normal distribution. these
would be the sample mean and the sample standard deviation.
The number of particles needed lor high-accuracy estimates of
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the average diameter is known 1o depend on the spread of the
particle size distribution |9].

An important step in the process is visualizing the fitted
model prediction relative to the actual data. This step helped
us answer the following question: where does the model
deviate from the data. ie. over what diameter range do
we know the distribution well? This has relevance for the
application and regulatory communities. Because TEM can
be a costly method, automated image capture, particle analysis
and statistical assessment were prelerred.

1.3. Metrology checklist and term definitions

A metrology checklist [ 10], established by ISO/TC 229, was
used to assess and design the protocol (appendix A). There are
a variety of reference materials for characterizing nanoparticle
size (see [11] for lists of reference materials [12] and their
sources), RM8012, a suspension ol discrete, spheroidal, gold
nanoparticles with a nominal size of 30 nm (NIST), was used
in this study to facilitate sample preparation, image capture,
particle analysis and statistical assessment ol measurement
uncertainty.  Appendix B provides definitions of statistical,
measurands and metrology terms used in this study.

4. Protocol objectives

This case study is intended to provide a scientific foundation
for an International Organization lor Standardization (1SO;
www.iso.ore) standard for the measurement ol particle size
distributions on the nanoscale by TEM. The commillee,
ISO/TC 229 Nanotechnologies, was established in 2005, and
now has 34 national member bodies, about 40 liaison members
(other ISO TCs or international organizations), along with
'l observers. The authors of this study are members of the
US Technical Advisory Group (TAG) te TC 229. Standards
developed by ISO/TC 229 are intended to improve commerce
and lacilitate communications among buyers, sellers and
regulators of raw and intermediate malterials.

The case study protocol for 30 nm gold nanoparticles was
based on a National Institute for Occupational Salety and
Health (NIOSH) internal interlaboratory comparison [ 13, 14]
and a generic protocol from the UK National Physical Labo-
ratory | 15]. Discrete, spheroidal nanoparticles represent one
of the less-complex nanoparticle morphologies; measurands
ol this sample should have relatively high reproducibility, and
fitted parameters modelling the distributions should have low
relative standard errors (RSEs). There are many TEM instru-
ments, and sample preparation techniques are often tuned by
each operator for their system. Typically, TEM sample prepa-
ration is a major contributor Lo measurement uncertainty. Sam-
ple preparation was not assessed in this case study. Sample
mounting and dilution guidance from previous studies ol this
reference material was used by one lab to prepare all sam-
ples. The major constraint on TEM instrument lactors was
the requirement for setting the required image resolution to
>2pixelsnm '. This gave an image resolution contribution
to the measurement uncertainty for a 30 nm particle of ~1.6%
(<0.5nm/30 nm). The [oci for this protocol were automation
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Figure 1. SEM (left-hand side) und TEM (right-hand side) images ol RMBO02 [24]. SEM shows faceted nanoparticles. TEM shows the

internal structure of a faceted gold nanoparticte,

of image capture and pariicle analysis and its control plus sia-
tistical assessment of the data, the quality of the parameters for
the reference models and the reproducibility of the interiabo-
ratory resulis,

1SO standards exist for the measurement ol particle size
distributions af powders (ISO TC/24), including representation
of particle size analyses [ 16-20], accuracy of measurement
methods |21 and image wnalysis methods {22].  These
methods, particularly 1SQ 9276-3 |17], have been applied 1o
resulls of this interlaboratory comparison. The interlaboratory
comparison team included industry (Cabot Corporalion,
DuPont, Hewlett Packurd and RT1), US government agencies
(NIOSH, Food and Drug Administration (FDA), NIST) and
a university (University of Kentucky).
confidentiality, the labs are referred to as Labs A (0 H. The
University of Kentucky prepared all samples.

2. Materials and methods

2.1, Sample selection

NIST RMB012 has 30 mn nominal diameter gold nanoparticles
slabilized by citric acid in a water dispersion. The NIST Report
of Investigation [23] provides a mean particle diameler (area-
equivalent diameter) of 27.6 nm. No standard deviation ol the
distribution was reported. Rather, a conditional measurement
uncertainty was compuled for results using different ampoules
of the reference material (described in appendix B). The
differcnlial particle size histogram (figure 6 of [24]) shows
a size range from 15nm to 50nm, although these numbers
were not certified. This sive range was used lor plotiing the
distributions of this study. Figure | shows scanning electron
microscopy (SEM) and TEM images for these nanoparticles,

The spheroidal particles exist as discrete enlilies in water

solution, but are faccted with specific erystal luces. These
nanoparticles are not comptelely spherical and, depending on
how they ‘sit’ on the substrale, appear 1o be more or less
spherical, triangular or hexagonal.

2.2, Semple preparation

Two sample preparalion objectives are as follows: disperse Lhe
nanoparlicles over the 3 muim TEM sample grid so that particles
do not touch (5o the cdges of the particles will be clearly
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visible in the imaging system) and uniformly distribule the
nanoparticles across the sampling medium [22], RM80G12 gold
nanoparticle colloidal dispersion is stable; the nanoparticles
have @ negative charge.  Prior protocols attached this
standard reference malerial to amine-functionalized silicon
grids {Cutatog # SGO1-051A, Dune Sciences). The posilive
charge on the functionalized surface helps immobilize the
negatively charged gold nanoparticles, and the silicon substrate
provides a rtelatively uniform background for improved
nanoparticle imaging {13, 14, 24]. Wafers and a RM8012
sample were generously provided by NIQOSH.,

The typical time required to receive the sample, acquire
over 500 data points, analyse the data with Image] and
assemble the frame-wise dala into a master table for analysis
excecded 20h.  LBach lab received one grid; no grids were
shared between laboralories.

2.3, Instrument faciors

ISO - 13322-1:2004 [22] provides guidance on eleciron
microscope operating conditions {or particle size imaging and
o measurement uncertainty analysis specifically Tot lognormal
distributions. which would be the most common reference
model lor nanoparticle distributions.  Table 1 shows the
instrument Tactors ol cach lab.  Specific guidance was as
follows [221:

¢ selthe accelerating voltage according (o the material to be
measured (120kV);

s sclect the sample working distance specified by the
electron microscope manufacturer for high-resolution
nnaging;

e mount the sample flat on the specimen helder with the
stage il sel 1o zero;

e swilch off the dynamic locus and Glt correction;

o align the instrument according o the manulacturer’s
procedures;

¢ select operating conditions 1o minimize drifl.

While ne SEM instruments were used in this study for
particle size determination, it is notable that a recent good
practice gwide [15] provides some guidance on sefeclion of
instrument parameters for use with this type of instrument lor
particle sizing.

605




S B Rice et al

Table 1. Instrument fuctors.

Organization A B C D E F G H
# of frames 62 49 20 27 11 135 20 55
analysed
# of nanoparticles 706 624 535 513 6018 1112 1480 531
analysed
Instrument JEOL JEOL Jeol JEOL Jeol FEI FEI Tecnai  JEOL
JEM 2100 2000 FX JEM 1011 1011 JEM 1220 Titan 80-300  G* Twin 2010F
Acceleration 200kV 200 keV 80 kV 100kV 8OkV 300KV 200kV 120KV
vollage
Magnification 20000 21 000x nominal  100000x 20000 40000 x 27 000 x 19000x, 200000 x
(~ 153 300 25000 .
al camera) 29000 %
Frame size 1040nm  1217.6 nmx 1320nmx 550 nmx  1000nmx 782 nmx 1875 nmx 475 nmx
811.2nm 1700nm 550 nm 1400nm  782nm IB7 S5nm 475 nm
Pixel dimension 0.51 0.30 0.51 0.50 0.53 0.38 0.5 0.50
nm/pixel  nm/pixel nm/pixel  nm/pixel nm/pixel  nopixel nim/pixel nm/pixel
Image acquisition 3s 4s 5s 4s 355 0.5s 3s 3s
time per frame
Mean signal-to-noise 2.5 ~14.2 2 ~2.4 2 ~2 2 Q5
ratio between
background
and particle
Image analysis Image J Image J Image ] Image I Image ) Image J Image 1 Image ]
software
Calibration.  Since TEMs have wide ranges ol magnification e Do not report data for any particles that appear cul by the

and many operating modes, the actual magnification at any
given instrument settings may dilfer from the indicated
magnification by up to 10%. Calibration of the instrument
to a known length scale under optical conditions similar to
those used for analysis is preferred. Standards should be run
near the time of the study 1o provide verification ol correct
instrument operation within manulacturer specifications and
to validate measurement procedures,  Typical examples are
given in a good practice guide ([ 15, chapler 4]).

2.4. Image acquisition

Each participating lab used the loading procedure specific
for their instrument (o mount the TEM grid in the system.
The loading pracedure was to minimize the eucentric height
adjustment required.  The images were to be ol sullicient
quality such that individual particles can be resolved and their
dimensions measured. Each lab analysed one wafer, measured
at least 500 particles, and reported the results to the team. The
specific instructions were the following.

e Acquire images that have histograms centred and wide
enough to cover at least 80% of the possible grey levels.

e Sclect a magnificationfimage resolution combination
that will provide a minimum ol (wo pixels/nm, i.c.
=2 pixelnm ™" or <0.5 nn/pixel.

e Ensure that a scale bar is visible in cach digital
nmage/frame.

s Do not exclude irregularly shaped particles or particles
with sharp corners.

¢ Do not report data for any touching particles (note:
overlapping particles can rest on one another. reducing
their projected 2D area in a top-down view).
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[rame (note: for the case in which there is a difference
in particle diameters greater than an order ol magnitude,
it may be nccessary to establish a frame, divide it via
a grid pattern, and measure large particles at a lower
magnification. The protocol did not address this issuc).

e Count and report at least 500 particles in [rames that
are well spaced across the sample (note: the number
ol particles measured directly alfTects the measurement
uncertainty of the sample mean and standard deviation.
In general, the user will select precisions for the sample
mean and standard deviation, and then estimate how many
particles might be needed. There is guidance on how the
sample mean is affected by the sample size [Y, 25-28], but
less guidance on the effects of sample size on the sample
standard deviation).

e For all selected particles in each [rame, report the particle
number, the frame number and all measurand data,

o Save images as lossless (like tagged image lile format,
it or dme) image file type. Do not save images as lossy
image file type. like jpg.

The area-cquivalent average diameters ol all reported particles
were used to generate number-based, cumulative particle size
distributions.

2.5. Particle analvsis

Since a large number of nanoparticles are needed for a high-
quality particle size distribution, the work will be facilitated
when image analysis soltware is used. Both commercial and
open source soltware are available. For a typical sample. an
appropriate reference model [or the data may not be known,
the data may not be monomodal, and the sample may be
contaminated with nanoparticles of different sizes and shapes.

Metrologia, 50 (2013) 663678
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Multiple models might need to be compared with the data
and multiple measurands might be needed to help screen for
the desired nanoparticles. Therelore, we have used a more
general analysis approach that estimates the sample mean and
standard deviation from a non-lincar fit of the reference model
to sample population data. The minimum number ol particles
for analysis was set at 500 for each lab, based on the experience
from prior studies.

This protocol assumed that all images were taken in digital
format. Imagel, open source software with a suite ol analysis
routines (hitp://rsbweb.nih.gov/ij/download htmly, was used
by all laboratories (or particle analysis. The procedure steps
were as follows.

o Create working copies of all images/frames (preserve the
original unmodificd images).

e Open Imagel and open the frame lile.

e Set the measurement scale using the scale bar or another
measurement ol pixel size, returning to the original scale
prior to continuing.

e Crop the image to remove scale bars and other image
artefacts that might affect contrast or particle analysis.

e Check and correct brightness and contrast to ensure that
all images have histograms centred and wide enough Lo
cover al least 80% ol the possible grey levels,

e The thresholding operation may result in frame files
with single pixel artefacts or poor image quality, e.g.
rough particles or uneven background due to non-uniform
electron beam illumination. In the case of the former,
apply the despeckle and erode/dilale processes to remove
these artefacts and save the changes. In the case ol poor
image quality, the operator could clean up the edges of
particles or correct for uneven background by applying
special filters. Assess the image transformation and save
changes.

e Touching particles should not be addressed by using
automated separation algorithms (Watershed, in the case
of Imagel). Rather, all particle analyses should be
recorded, and touching particles should be removed
manually Irom the spreadsheet of the results.

e Select the measurands (such as arca, shape descriptors,
Feret's diameter). Note: several size and shape descriptors
will help identify imaging and measurement issues as well
as assist with the characterization of the sample.

e Analyse the particles (Imagel specilic settings should
imclude the [ollowing: show outlines, display results,
include holes and exclude on edges).

e Save cach image file that shows particle outlines and
their number sequence (filename.tif) and the spreadsheet
(Results.xls), which reports all measurand values. the
particle number and the frame number associated with
cach particle.

2.0. Data analysis

There are three major applications [or statistical analysis
ol particle size data: assessment of dala robustness, fitting
reference models to the size distributions and assessment of
measurement uncertainty.

Metrologia, S0 (2013) 663-678

2.6.1. Statistical assessment of data.  Analysis ol variance
(ANOVA) was used Lo assess the intra-laboratory repeatability
(variation with one operator and one instrument: section 2.20
ol [29]) and interlaboratory reproducibility (variation of
measurements with the same process done with dilferent
instruments and different operators: section 2.24 ol [29]). At
the specified resolution (>2 pixelsnm '), there were usually
a small number of nanoparticles in any given view [rame for
most labs. It is not likely that reasonable estimates for the
sample size mean and standard deviation can be obtained from
Therelore, one-way ANOVA was used to test
the null hypothesis (see the delinition in appendix B) that
all of the [rames within one lab had the same mean area-
equivalent diameter (repeatability). Also, ANOVA with the
frames treated as a random effect nested within labs was used
to investigate the null hypothesis that the mean arca-cquivalent
diameter among laboratories was the same (reproducibility).
Finally, since RM8012 was investigated for its mean area-
equivalent diameter. the bias (or trueness: appendix B and
sections 2.14, 2.14 of |29]) of the reported area-equivalent
diameters can be estimated.

one lrame.

For intra-laboratory repeatability, the objective, metric
and software were as follows.

Objective: assess whether all [rames within a selected lab are
best represented by the same mean.

o Null hypothesis: for each lab, all frames have the same
nmiean.

e Allernative hypothesis: for each lab, not all frames have
the same mean.

Merrice: il the p-value <0.05. then we reject the null hypothesis
and conclude that at least two lrames reported by that lab have
difTerent averages.

Software: SAS v9.3, the GLM procedure (htip://support.
sas.com/documentation/cdl/en/statug/62962/HTML/defaull/
viewer.himffglm_toc_htm). A program is available for interlab-
oratory comparison users to perform this test on data matrices
imported from an Excel spreadsheet,

For interlaboratory reproducibility. the objective, metric
and software were as follows.

Objective: assess whether all labs are best represented by the
same me:n.

e Null hypothesis: all labs have the same mean.

e Alternative hypothesis: not all labs have the same mean.

Metric: il the p-value <0.05, then we reject the null hypothesis
and conclude that at least two labs have different averages.

Software: SAS v9.3, the MIXED procedure (http://support.
sas.com/documentation/cdl/en/statug/63962/HTML/defauly/
viewerhtm#mixed toc.htm),

667




S B Rice et al

2.6.2. Fining reference models 1o data.  Three reference
models are commonly fitted 10 cumulative particle size
distribution data: lognormal. Rosin-Rammler-Bennett and
Weibull. These three, plus the normal distribution, were
compared with the cumulative [requency data generated in
this case study. In all cases, two parameler models were
used. Dillerential probability distributions were not used as
information is lost when the data are binned, often obscuring
the details near the ends of the distributions.

Three dilferent visualization methods [17] were used o
oplimize the parameter estimates [or cumulative distribution
data: (1) minimizing the variance between the dala and
reference model, (2) setting the residual deviations between
the data and reference model to zero and (3) transforming
the three reference models into linear [unctions (quasi-linear
regression). A commercial non-linear regression package.
SYSTAT® software (version 10.1), was used o oplimize
parameters for each data sel.

The software provided the R? value for the optimized
fit, the parameter estimates (for example, the mean, ©(fit),
and standard variation, s(fit)), and the standard crrors of the
parameter estimates (for example, SE iy and SE ). The
mean and the standard deviation ol the model are descriptive
statistics.  The standard error ol a descriplive statistics
describes the expected bounds for a random sampling process;
itdescribes how close the sample statistic (the mean or standard
deviation) is to those of the population. The standard errors
were determined using Wald conlidence intervals, which are
appropriate when there is little correlation between the fitted
paramelers, i.e. the mean and the standard deviation (this is
the case for all of our data). The ratio of the standard error
to the estimate is the RSE. The RSE decreases as the number
ol particles increases; smaller RSE values indicate that the
estimate ol the parameter for the sample is closer to that of
the whole population. The RSE can be used as a measure ol
quality for litted parameters. facilitating the comparisons of
different reference models. different measurands and different
fitting methods.

For each parameter and its associated statistics, it is
possible to construct a *grand” statistic for the interlaboratory
study.  For example. the fited lognormal means that cach
lab will have a grand mean and a grand standard deviation.
The ratio of the grand standard deviation to the grand mean is
the cocflicient of variation for that paramelter or statistic (for
example, ¢, iy and ¢y gin). The coelficient of variation, a
parameler’s standard error divided by its estimate, is also a type
A component of the measurement uncertainty (section 2.26
of |29]) and related to the reproducibility of the data. The
delinitions [or these statistical wols are given in appendix B,

2.6.3. Assessment of measwrement uncertainty.  Standards
organizations require statements on measurement uncertainty.
There are differences between CEN (Comité Européen de
Normalisation), ISO and ASTM (American Society [or Testing
and Materials) approaches [30]. although all of these report
pooled uncertainties. ASTM uses precision and bias estimates
(ASTM E456), which generally qualifies the test method.
ISO Guide to the Expression of Uncertainty in Measurement
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(GUM) [31] describes top-down and bottom-up approaches.
The top-down approach, based on repeated testing and the
statistical evaluation of the results, is used often in chemistry
(sec 1SO 5725). The bottom-up approach is more often (but
not only) used in physics. This approach identifies all relevant
measurcment parameters. identilies all sources ol uncertaintics
in the test, quantifies cach source of uncertainty with a
probability distribution, calculates the combined (pooled)
standard uncertainty, and estimates the expanded uncertainty
at the 95% conlidence interval. Some references provide great
detail on measurement uncertainty for measurement ol particle
size alone |9, 25-28]. We have followed the more general
approach ol Braun er al [6].

Measurement uncertainiy.  For the area-equivalent diameter,
elements of the pooled measurement uncertainty, (1,.(x)),
could include the interlaboratory reproducibility, (u(ir)); the
trueness, (1(/)); and the image resolution error, (#(c¢)). The
image resolution error depends on particle size. ranging from
33% 10 1.7% to 1% for particle sizes of |5nm, 30nm
and 50 nm.

o (x) = y wlir)” +u(0)” +u(ce)’.

For the normal distributions, we have the information needed
to compute each ol these components [or the sample mean.
However, the lognormal mean of RM8012 has not been
reported or certified. so only the interlaboratory reproducibility
and the image resolution error can be computed.

3. Results and discussion

3.1, Sample preparation and instrument factors

Although each laboratory used a dilferent TEM instrument, the
sample grids were suitable for each one. Sample preparation,
a known clement of variability lor TEM analysis, was not
varied in this study. RMB0I12 is known to have discrele,
non-aggregated gold nanoparticles in its suspension medium.,
This is confirmed by its Report of Investigation, in which the
average particle size by dynamic light scattering is essentially
the same as the size by TEM. In general. the gold nanoparticles
were well separated on the functionalized silicon TEM grid
surfaces, but a number of touching particles were observed on
all grids. There are at least two mechanisms by which this
could occur: agglomeration, which is a general phenomenon
for colloidal particles in solution and increases with particle
concentrations, and random deposition of one nanoparticle
near another. Touching nanoparticles were assumed to be
agglomerated. For Laboratory H, a total of 672 nanoparticles
were imaged. Of these, there were 530 discrete nanoparticles.
Filty-one dimer, 1| trimer and one septamer nano-objects were
judged to be touching and were not counted, i.e. only 79%
of the imaged nanoparticles could be used directly for the
automated particle analysis. It is likely that the identification
of touching particles could be automated by using shape factor
or aspecl ratio measurands, but this was not addressed in this
interlaboratory comparison.

Metralogia, 50 (2013) 663-678




One lab reported a calibration error, which occurred when
two different magnifications were used for particle imaging
(one of these magnifications hae not been properly calibrated).
This type of error was easily detected by the ANOVA analysis
ol frame-to-frame particle diameter means. In general, the
labs could achieve good contrast between nanoparticles and
the background, and the sample preparation method [ 13] gave
areasonable number of discrete, non-touching particles on the
grids.

3.2. Automated particle analvsis via Imagel

One laboratory reported thresholding problems that resulted in
a number of small particle artefacts being reported. This was
detected by reviewing the cumulative particle size distribution
ol all the data; about 5% of the “particles’ were less than 6 nm,
which was known not o be characteristic of this reference
material. The issue was corrected by redoing the thresholding
and ensuring that the despeckle and erode/dilate steps were
used. The effects of the erode/dilate step can be checked
directly during the particle analysis process. The artefacts also
could be removed manually. but this would reduce the benefits
ol automated analyses.

Touching particles were not analysed in this interlabora-

tory comparison, although Imagel has a tool to do so (Water-
shed). The Watershed tool separates touching particles by in-
serting a linear boundary at the “necks” between particles. This
approach tends to reduce the total area attributed to each parti-
cle and to lower the average area-equivalent diameter reported
forthe sample. Figure 2 shows residual deviations and quantile
plots for the analysis of non-louching and touching particles
reported by Lab E (the maximum Ferel diameter was used as
the measurand for these plots). The Watershed algorithm data
have larger residual deviations than the non-touching particle
data (figure 2(ar)). On a quantile plot, the size distribution for
the Watershed algorithm data is narrower and the mean value
of the distribution is shified to a lower value (figure 2(b)). The
use ol this algorithm could introduce a consistent bias into the
sample mean data.
Other factors affecting particte analysis.  Even wilh discrele,
spheroidal particles and a good sample preparation method,
the results of the automated particle size analysis can
require additional operator review. Typical analysis problems
were thresholding inconsistency and artefacts created by the
inclusion of scale bars in the analysed images. Since gold
nanoparticles are faceted, crystalline solids, different cross-
sectional shapes can be present in the images and very few
particles have shape factors near one (representing a circular
cross-section).  Although area-equivalent diameter was the
preferred measurand for this study (particularly since this was
the measurand investigated for RM8012), other measurands
that relate Lo nanoparticle shape provide important information
about the sample. These include the minimum and maximum
Feret diameters, and the shape factor. For more complex
shapes, additional measurands should be considered |20].

The protocol used for the US TAG interlaboratory
comparison on gold nanoparticles provided no guidance lor
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Figure 2. Comparison of data for non-touching particles (solid
black squares) und the Watershed algorithm for separation of
touching particles (open red circles). Lab E, (¢) comparison of
residual deviations. (h) Comparison of quantile plot transforms.
X and Y are defined by table 1 of 1SO 9276-3 [15].

post-processing review of the raw data from the automated
image capture and particle analysis process. Interlaboratory
comparisons ol the data showed that there were differences in
the ranges of particle sizes reporled as well as the cumulative
particle size distributions. These dilferences appeared to be
due to differences in how operators treated the data and/or set
thresholding parameters.

3.3. Data analysis

3.3.1. Assessment of data qualiry.  Statistical methods used
to assess data precision and accuracy assume homogeneous
variance and normally distributed residuals.

Intra-laboratory assessments.  The one-way ANOVA test
provides a rapid way (o assess whether the data in all [rames
within a lab are best represented by the same mean. [ the null
hypothesis is not rejected, we have more conlidence in the data.
If the null hypothesis is rejected, the particle data (images plus
measurand results) can be reviewed o determine whether any
artefacts or unusual particles exist in any [rame with a mean
not equal 1o the lab grand mean. Therefore. intra-laboratory
statistical assessment can help identify the following: (1)
repeatability, (2) particles that may be outside the expected
range lor the distribution, (3) [rames with dissimilar mean
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Figure 3. ANOVA boxplots comparing frame means and data
ranges. Lab G. Vertical line = overall mean; solid dizamond = frame
mean; grey box = 25th-751h percentile for cach frame {interquartile
range (IQR)): black crror bars = ¥ — 1.5 x IQR o X + 1.5 x IQR
(approximately ¥ — & to ¥ + 5, where X is the mean of the natural loy
of the arca-cquivalent diametersy: stars = extreme points beyond the
black crror bars,

particle sizes, (43 calibration errors al different magnilication
levels, (5) thresholding Lo eliminate small ‘ghost’ particles, (6)
thresholding 10 eliminate laree particles, (7} ouching particles
measured as one particle, and others.

Any particles added (o or removed from the data sel would
need (o be justificd on lecknical grounds. We preler not (o use
traditional outlier 1ests to identily particles that appear (o be
outside the distribution—we are trying to delermine ils Lrue
*breadih’. In addition, showing the data range and mean for
each frame can Lrigger revicws even when the Irame mean niay
be similar (an unusually large and an unugually small particle
might offsel each other, for example). The varialion in the
sample means provides an indication of the intra-laboratory
repealabitity.

Figure 3 shows the dala range and mean for each lrame
reported by Lab G. The grey boxes show the inlerquartile range
foreach [rame (1he middle 50% of the cumulative distribuiton),
with solid diamonds indicaung the [rame mean. The vertical
line represents Lhe overall sample mean. Two of the frames
have interquartile ranges less than the overall sample mean
{frames 1 and 14). Frames 1, 3, 14 and 19 are the frames that
are (rimmed by our “=90th percentite or <10th percentile’
rule. Extreme data points of these {rames were reviewed to
ensure that the image represented a nanoparticle and was nof
an artefact. All verified nanoparticies were used to generate
the cunwlative distribution for each lab.

Different measurands will have dilferent p-values in the
ANQOVA test. As mentioned belore, it can be uselul to evaluate
several measurands as u way 1o better describe the morphology
ala sample. As these gold nanoparticles are faceted, they will
differ lrom perfect spheres, so different length measurcments,
such as the maximum Feret digmeter and the shape lactor,
would provide additional information about their size and
shape.  Table 2 shows the one-way ANOVA analysis for
three different measvrands: the aren-equivalent diameler, the
maximum Ferel diameler and the shape factor. We have taken
the logarithm ol cach measurand because the distribution of
the non-transformed data is right skewed. For each measurand,
there are some labs that do nol meet the null hypothesis; the

07

Table 2, ANOVA for the natoral fogarithim of three measurands:
{A) arcu-cquivalent diameter, (B) maginum Feret diameter and (C)
shape factor, The p-values rejecting the nrull hypothesis of all
frameys having cqual means are italicized {(p < 0.05).

{A) Natoral log of arca equivalent )
_ Area-cquivalent

Laboratory /In(nm) s/Infam} p-value  diameter/nm
A 3.34 0.0066 0711 286
B 3.33 0.0030 0.000f 2719
C 333 0.0036 274 279
D 327 00067 Liog 264
E 328 (0.0031 00010 26.7
F 333 0.0023 £.0026 28.0
G 331 26 <00007 27.5
H 3.31 0.0035 0106 274
(B) Natural log of Feret diameter
Feret
Laboratory x/In{nm)  s/la{nm)  p-value  diameter/nm
A 3.43 0.00364 (.758 312
B 3.40 0.0033 0.0005 30.1
C 341 0.0043 (.342 3005
D 3.36 0.0005 (1413 29.0
E 340 0.0033  <0.0001 302
F 3.43 (.0030 0138 300
G 342 0.0027 =<0.0001 30.6
H 3.39 0.0040 00054 298

(C) Naturat log of aspect ratio

Mean aspect

Laboratory ¥ 8 p-value o
A 0.100 0.0(36 nuo4 111
B (LOYE 0.0034 0.351 Lt
C 0.123 00005 <0001 1,15
D 0167 {.0042 5.200  1.12
E 0.107 0.0041 o003 1.12
F 0.109 0.0035 D96l 112
G (.108 0.0027 00051 1.12
I (1.089 0.0032 0.0459 1.10

mean of the measurand for at least one frame is nof similar o
the mean of the entire sample. Only two labs of the eight, A
and D, meet the nuil kypothesis for all three messurands.

Interlaboraiory assessments.  Table 3 shows the mean and
standard  deviation (as defined Tor nermal distributions,
appendix 13), the minimum, and the maximunt arca-equivatent
diameters for cach lab. Assuming that our laboratory results
are normally distributed, we can compute the mean, standard
deviation and coelficient of variation for cach of these
parameters, i.c. the grand statistics for each of these parameters
across lahoratories. The grand cocfficient of variation for cach
parameter should relate to its relative measurement uncertainty.
This approach does not differentizle between homogeneity
(sample-lo-samplc) and reproducibility (lab-lo-lab) causes.

RM8012 has been certified for its mean value only (X =
27.6nm). The sample means for each lab can be compared
directly with this value. The grand mean, Xgand mean. of the
eight mdividual labs is guile similar (o the relerence value,
ity standard deviation is 0.71, and its relative coefficient of
variation is 2.6% (cxpressed as a percentlage). As the standard
deviation and dala range of RMB(012 have ot been reporied,
the intertab grand means for these paramelers cannot be
compared with those of the relerence material.

Metrofogia, 50 (20133 663-674
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Table 3. Coefiicients of variation for the interlaboratory
comparison. Measurand = area-equivalent diameter; normal
distribution is assumed.

Model parameters  Reported range/nm

Normal P s

distribution x/nm o shm Diemts sl
RMEB0I12 27.0

Lab

A 28.6 3.17 219 70.7
B 28.1 2.17 21.6 37.7
c 279 2.30 223 36.7
D 26.5 2.61 19.6 51.2
E 26.7 203 159 330
F 28.0 2.19 21.7 352
G 27.6 2.60 13.9 454
H 274 247 20.8 40.4
¥ of parameter  27.6 2.44 19.7 43.8

s of parameter  (L708 0361 313 12.4
¢ of parameter 2.57%  14.8%  15.9% 28.2%

Table 4. Relative bias for the interlaboratory comparison (expressed
as a percentage). Measurand = arca-equivalent diameter; normal
distribution 1s assumed, ¥ = 27.6 nm for RM8012.

Lab A
A 1.0
B 0.5
C 0.3
D 1.1
E 0.9
B 0.4
G 0.0
H 0.2
Bias ().55

Relative bias 2.0%

The grand standard deviation, Sgng mean- ©f the area-

cquivalent diameters 1s 2.44 nm and its relative coefficient off

variation is 15%. The low and high arca-equivalent diameters
for the interlaboratory comparison labs have higher relative
coellicients of variation, 15.9% and 28.2%, respectively. In
general, parameters linked to the breadth of the distribution
have much higher coefficients of variation than does the
distribution mean.  Since the mean diameter is reported
for RM8O12, we can compute the bias using the definition
provided in appendix B. For m = ¥ (the mean of the sample
or reference material). the bias is defined as

bias = iy Ami

n
where A,y = [y — co | 18 the absolute difference between the
mean measured value and the certified value,

Tuble 4 shows the A, values for each lab. The relative bias
for the mean of the interlaboratory comparison study was 2%.

The interlaboratory assessment used a model with frames
nested within labs to identify differences between pairwise
laboratories. Similarly to the intra-laboratory assessment, the
null hypothesis is that every lab has the same mean. Results
from the ANOVA test can vary depending on the measurand.
For the area-equivalent diameter measurand, the frame-lo-
frame (nested) ANOVA analyses gave similar results when

Metrologia, 50 (2013) 663678
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Figure 4. Shape factor of gold nanoparticles. Lab H: data (open
circles) fitted to a Rosin=Rammler=Bennett model (solid red line),
FFor fitting purposes, the shape factor (SF) was transformed to

SF, = | — 8.

using either the area-equivalent diameter (corresponding to
the normal distribution) or the log transformed measurand
(corresponding to the lognormal distribution). For most lab
pairs, the null hypothesis was rejected; only 4 of 28 pairs [ail
to reject the null hypothesis. For this comparison, frames with
means less than the 10th percentile or greater than the 90th
percentile were excluded, i.e. data that might be questionable
were nol considered. This suggests that the lab means are, in
general, different from each other, possibly related to the use
ol different instruments and different operators.

1.3.2.  Fitting reference models to data.  The visual
comparison of the data to a reference model is valuable in
selecting which models are appropriate. Figure 4 shows a
cumulative distribution plot of the Rosin—Rammler-Bennet
model applied to the shape factor data of lab H. The equation
is shown in the figure: the {itting parameters were sclected to
minimize the variance between the model and the data. In
general, the model (red curve) tracks directly through the data
except at high values. There are more nanoparticles with high
shape factors than predicted by the model: in this data sel.
the highest shape factor was ~1.7 and a significant [raction
ol the nanoparticles had shape factors greater than 1.2, The
median value for the shape [actor is 1.07, indicating that the
gold nanoparticles are not perfectly spherical.

Selecting the reference model (measurand = area-equivalent
diameter).  The lognormal distribution is the prelerred choice
for the particle size distribution data in this interlaboratory
comparison as its fitted parameters have lower coellicients of
variation than other reference models. Table 5 reports the
parameter estimates, their standard errors, and the RSEs for
the normal and lognormal reference models applied to the data
ol cach lab. The quality of the fit can be assessed. in part,
by comparing the RSE for the parameter estimates of the two
reference models. The RSE grand mean for the lognormal
model is one-fourth that of the RSE grand mean for the normal
model. The RSE grand standard deviation for the lognormal
model is about 30% smaller than that of the normal model,
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Tale 5. RSEs of fitted parameters: (A} tognormal distribution and (B) normai distribution.

Mean Standard deviation
Iy Antnmy  SEqy RSE; it stinfAninm)  SE,uy RSI, i, R?
(A)In(D._) Lab
A 334 1.32B—04 395105 (.0806 231E~04 287E—03 0908
B 332 1LGO9E-04  509E-05 (0720 29E-D4 4 16E-03 0.996
C 3.32 9I19E-05 276E~05  0.0798 1L66E-04  202E-03 0999
D 327 LI3E-04 345603 0.0823 20E-04  244E-03  (0.999
E 3.28 9535E-(5  291E-05 00736 1.65E—04  224E-03 0999
F 3.33 SO2E-05  1.78E-05 00708 LOSE—04 1 48E—03  (.999
G 3.31 6.25E-05  1BIE-05  0.0745 LLIBE-04  1.52E-03  0.999
H 330 24IE-04 730005 G.0811 420604  524E-03  0.995
X of parameter 3.31 364E-05  0.0768 2,75E—03  (.998
s of purumeter . 2.53E-02 1L.B3E—05  4.58E—-03 LIZE-03 1.53E-03
X{iin/am SE s RSE: s{ityYnm SE.n RSE, min R
(B D, . Laub
A 283 5.34E-03  1BBE-(4 227 9I18E-03  4.04E—03 099
B 279 5.86E—03 2. 10E-04 201 1.O4E—02  5.18E-03  0.994
C 27.8 270E-03  9.71E-0 221 4.72E~03  214E-(03 (0.999
D 26.3 389E-03 148E-M 215 GOIE~03  321E-03  (.998
E 20.0 352E-03  1.321E-04 [.96 GIOE-(B 3 11E-03  0.998
F 278 245K-03  B.BOE-05 1.97 435E-03  221E-03 0998
G 27.5 206E-03  7.50LE-05 204 372E-03  1.82E-03 0999
H 271 B.25E—03  3.04E—(M4 219 146E-02  6.65E—03 0.993
i of parameter 274 155504  2.10 355E—03  0L997
s of parameter T.OTE~01 THIE-05  1L2IE-01 L67E-03  238E—03
The R? values {or both reference models are close to one 1.000%
and provide little differentiation. The Weibull distribution was 5 a .
also fitted to these data, It had Tower R? values, higher RSE g ga”
values, and a poor fit visually to the cumulative distributions, an
iean]ariy . particle sives = 0.100% T
particularty at the lower particle sizes. ©
The standard error ol a statistic is expected 1o decrease b
as the number of daia points increases (SE; ~ /). As -E
shown in figure 5, the RSEs of the fitted lognormal mean ¢ Q. 010% F
and standard deviation show an inverse {rend Lo the number of E © g
particles measured. The R” values of power law correlations 8 20
Tor these data RSEs are not high, fikely reflecting other lactors 2 00
associated with the different laboratories. 0.001% '
The coeflicient of varlation represents the standard 100 1,000 10,000

devialion of a statistic, and can be used fo compare
reference maodel choices across Lhe interlaboratory study
{using (he ‘grand mear’ approach). For normal and
lognormal distributions, the mean and standard deviation can
be computed both from the standard definitions and the non-
linear regression approach (fitted parameters). Table 6 shows
these dala Tor these Tour cases (lwo reference models wilh
two estimation methods). The two coefficients of variation for
the fitted parameters (mcan and standard deviation} need o
be considered (ogether in making (he decision for a reference
modet. For the fitted parameters, the coefficient ol variation
{on the lognermal mean is much smaller than the coelficient
of variation for the normal mean, while the cocllictents
of variation for the related standard devialions are similar.
Therefore, the lognormal reference model appears (o be the
better choice when non-lincar regression is vsed.  When
the standard definitions for mean #nd standard deviation are
used, the coefficients of variation for the respeclive grand
means arc sintlar while the coefficient of vatiation for the

072

# of particles analyzed

Figure 5, RSE of the sample means and standard deviations lor all
labs. Lognormal mode! parameters for the arca-cquivalent diameler
distribution; open squares = standard deviation, open

cireles = meun.

standard deviation of the lognormal reference model is lower
than that for the normal reference model. In this case, the
shape ol the distribution appears to be better described by the
lognormat maode].

Selecting measurands.  Inthis study, the preferred measurand
is Lhe area-equivalent diameler, primarily because the sample
itself has been well studied with respect o D,_.. With
more complex morphologies, the choice of key measurands
may nol always be guided by the application. For example,
nanoparticle shape might be characierized either by the shape
factor or circularity; Lhe choice might be made based on
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Table 6. Comparison of filted parameters and standard definitions for all labs (grand means, grand stndard deviations and their cocflicients

of variation): (A) lognormal distribution and (B) nonmal distribution,

A Aninmy  s({iYIn{umy - X /In(nm)  sfninm)
{A) Lognormed diseribution
Grand ¥ of parameler 331 (0.0768 3 0.0836
Grand s of parameter 0253 0.004 58 (.0614 0.008 33
Grand CoV of pwramecier 0.764% 5.96% 2.76% 9.96%
Xty /nm s nm ¥/nm §/am
(8) Normal distribuition
Grand x of parameter 27.4 210 27.6 246
Grand 5 of parameter 07707 0.121 0.721 0.392
Grand CoV of parameter  2.58% 5.76% 2.61% 13.9%

the data gquality. Or, different image processing algorithms
might give data ol dilferent guality. As discussed in the
previous sceiion, ANOVA Lests can be used to identify rame-
to-frame similatities of measurand means. This distribution-
independent approach provides some guidance on which
measurands are well known,

A comparison of coefficient of variation values for the
area-equivalent and maximum Ferel diameters showed no
statistically significant difference between (hese measurands.
The R? values for the non-linear regression (s were both
$.998. The coetticients ol variation for the means and standard
deviations of these measurands were similar, and both values
were within one standard deviation ol each gther. Therefore,
the selection of either would provide a similar measurement
uncertainty for the distribution fit.

Selecting the fitting method.  Three fiding methods are
described in 1SO 9276-3 [ 17]. Figure 6 compares filted daty
for two labs that did not reject the nult hypothesis for similar
frame-to-frame means (Labs B and F, table 5). The comparison
included the ANOVA [rame-lo-frame asscssment (boxplot},
a cumulative frequency plol, a residual deviation plot and
a quasi-linear regression (quantile) plot. For Lab B, the
ANOVA boxplot {A 1) shows relatively uniform distribution of
data around the mean diameter (computed using the standard
definition; solid vertical line). The cumulative distribution plot
{a2) shows that the mode! (solid curve} tracks the data well up
1¢ 90% of the sample, then underestimales the (raction of targe
particles, The residual deviation plot (a3} shows systematic
deviations of the data from the model. The analysis of this
ellect is beyond the scope of this work. The quanlile plol (a4)
shows thal the mode! (racks the data reasonably well beiween
—2 and +2 standard devialions [rom the mean (as shown on the
Y-axis). Above and below these levels, here are systematic
deviations.

Lab F had the lowest cocllicients of vartation (or its
parameters. The boxpiot lor Lab F (51) shows a relatively
uniform distribution of the data around the mean diameter.
On the cumulative distribution (52}, the model (solid curve)
tracks the data well over the entire distribution. The residual
derivation plot (63} shows that there are systemalic deviations
(rom the model and the data. The guantile plot (#4) shows
that the model tracks the dala well over the range [rom —2
Lo +2 standard deviations lrom the mean, However, there are

Metredopia, 30 (2013} 663-678

noticeable deviations of the data lor larger nanoparticles for
standard devialions greater than 2.

Based on these examples, the cumulative distribution plot
appears to be a reasonable method (o develop a general fit w
the data. The residual deviation plot would be most sensitive
lo differences in the middie of the diswibution. The guantile
plot is very efficient for identifying deviations at the edges of
the distribution. In general. the choice ol method will depend
on the application for the data and model.

3.3.3. Assessment of medsurement uncertainty.  When we
evaluale the area-equivalent dizmeter using the normal model,
we can gencrale the following measurement uncertainly
componenls l'or the sample mean: (he interlab reproducibility.
the trueness and the image resolution.  However, since the
relerence malerial was not certified lor a lognormal relerence
model, il is not possible to determine the trueness ol the
preferred relerence model paramclers of (his study. Rather,
we computed expanded measurement uncertainties for the
reference model paramelers, mean and standard deviation of
the interlaboratory comparison. Using cocflicients of variation
allowed the comparison of lognorntal and normal paramelers
on a relative basis. The equation used was [23]

Ull.(‘.:k'c.u'\a'i+]f{N

where £ = 2, N 8 (number of observations), and ¢,
corresponds to the appropriate value in table 6. The most
interesting comparison is between the fitted parameters of the
lognormal distribution (the prelerred model) and the standard
delinition parameters of the normal disteibution (RM 802 is
certified for this mean). For the fitted lognormal distribution,
Uneyiy = 1.62% and Upeomy = 12.6%. Tor the
normal distribution, Uy e ; = 5.54% and Upe,, = 33.7%.
Even though the mean area-equivaient diameter for this
interlaboraiory study was similar o the value assigned 1o
RMB012 (1able 3), the expanded measurement uncertainty was
over 5% on a eelative basis,

4, Summary and conclusions

Automated analysis of particle size measorands is an important
objective for interpreling particle size distribulions by TEM.
Properly implemented, automated image analysis should
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Figure 6. Comparison of iitling methods {lognormal distribution). Lab B: data = open squares. (1) ANOVA means for cach frame (see
figure 3 caption for symbol descriptions), (¢2} cumulative distribution it (solid red curve), {¢3) residual deviation dats, (@4) quasi-lincar
regression lit (solid red curve); Lab I (51) ANCVA mcans for cach frame, (A2) cumulative disiribution it {solid red curve), (#3) residual
deviation i, (b4) guasi-lincar regression fit (lognormal model = solid red curve; normal model = double black curve).

for dilferent models and fitling mcthods, and {3) assess
essential parts of measurement uncertainty of parameters by
using their coefficients ol variation, These quality mceasures
can be used for a variely of applications, such as process

reduce the time needed l'or evaluation and provide prolocols
with documented precision,  Statistical analysis ol the test
resulis can be used to { 1) assess the data quality with no use off
reference models, (2} delermine relerence model parameters
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quality conirel, regulation [8], and method development and
validation,

Comparing the particle size distributions of non-touching
and touching particles demonstrated thal the deconvoluting
reutine reduced both the mean and the standard deviation for
the processed data set. Sell-review of particle size distribulion
data can be improved by the use of statistical analysis lools thai
quickly identily particle tmages that should be reviewed for
consistency. The ANOVA Lest can be used Lo evaluate intra-
laboratory and interlaboratory dala quality independent of a
model choice for the distribution. Il these methods are used
wilh a relerence material. then the trueness of the protocol 1o
the value assighed Lo the reference material measurand can be
determined.

In this interlaboratory compartson, only two of the eight
labs did not reject the null hypothesis of similar frame-to-
frame means for three different measurands (area-equivalent
diameter, maximum Fercl diameter and shape factor). Yeu,
the interlaboratory area-equivalent diameter mean (27.6 am;
coeflicient of variation = 2.6%; expanded measurement
uncertainty = 5.5%} was quite similar 1o thal ol RM8012.
With respect to visuatization Lools, the cumulamive distribution
plot was used o verify general agreement between the data
and maodel, the residual deviation plot was helplul in showing
deviations near the sample mean, and the guanlile plot was
used to show differences near the ends of the distribution.
Quasi-lincar plots of the eight data sets showed (hal the average
range for goad [its between the model and the cumulative
number-based distributions was —1.9¢ to +2.3¢. There ofien
were significant deviations between data and madel outside of
this range, suggesting a practical limit Lo the applicability of
reference models for TEM characterization.

The RSEs of the fitted parameters provided a good starting
point lor evaluating intralab data guality. The RSEs aided in
the selection of preferred reference medels, the comparison of

dilferent measurands and the selection ol the fitting methods.
The RSEs did net appear to correlate with the number of frames
analysed or Lthe pixels/nm of the lrame scale, which was tightly
controlled. RSEs for lognormal model parameters, the mean
and standard deviation, generally decreased as the number of
particles measured increased. However, the standard devialion
RSEs were aboul two orders of magnitude larger than those of
the mean. Therefore, most of the error of the reference modcls
appears to be associated with the breadths ol the distributions.

Inierlaboratery resulls were analysed by conslructing
grand averages of the parameler vatues from all labs. The
coeflicients of varlation {as percentages) could be used to
evaluate quality of Lhe parameier estimales scross the ILLC. In
general, the grand mean is better known than the grand standard
deviation. The cocllicient of variation (or a parameter could be
used Lo eslimate its retative expanded measurement uncertainly
as part ol a measurement uncertainly budget.
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Appendix A. Metrology checklist [10]

Metrology checklist for particle sive distribution by TEM.

Question

Response

Is the system/body/substance that will be subjected to the
meusurement procedure clearly described. including its state?
Is the definition ol the systenybody/substance

not unnecessarily restrictive?

Is the measarand clearly described?

Has it been clearly indicated whether the measurand is
operalionally or method-defined, or whether the measurand
is an intrinsic, struciurally defined property?

Is the measurciment unit defined? Are the tools
required 1o obtain metrological traceability available?

The objective is 1o measure the particle size distribution

of a discrete, near-spherical nanoparticle sample.

The definition is not unnecessarily restrictive. The

protocol will be applicable to powders, dispersions and
suspensions that can be dispersed on TEM grids.

The number-based cumulative distribution of

arca-cquivalent discrele particle diameters measuvred

from TEM images (pixei-bascd). Fitted parameters of reference
distribultons (mean size and the shape of the

distribution) are reported.

Yes. The measorement is performed in a vacuum, which
might possibly affect the particles. For purticles that

are not perfectly spherical, the reported area-cquivalent
diameter is dependent on the orientations of the
parlicles when deposited on the grid.

Length., Arca-equivalent diameler is one of several
options. Other mcasurands (Ferel diameters, area,
perimeter, occupicd area and shape factors) may
provide additional information about particle shape and
surface structure [20).

Metredapin, 50 (2013) 663- 678

675




SBRicecral

Question

Response

Hiw the method already been validated in one or
mote laboratories?

What are the quality control tools availuble to
enable the demonstration of a laboratory’s
prediciency with the test method?

Huve results of measurements using the proposcd method
already heen published in peer-reviewed jonmals by
several laboralories?

Is the required instromentation widely available?

Does the document propose & measurement
uncertainty budget?

No. While many journal articles report particle size
distributions by TEM, this method has not been

validated and reported in refereed journals, 150

standards have been developed for the arca-eqguivalent
diameter measurements of powders [ 17, 19,20, 22] bt

do not specifically refer to nanoparticles.

The test method requires that the TEM has been
caltbrated, and that the data are analysed statistical by,

The statistical ools include ANOVA 10 assess
Irume-to-frame similarity of nanoparticle mean diameters,
RSEs Tor [ted parameters of relerence models amd
coeflicients of vanaton for companng parameters from the
intertaboratory test.

Yes. The protocol is based on several methods reported

in the literature: o recent NTOSH interlaboratory
comparison [13], a NIST protocol { 14], and & generic
protocol Irom the National Physical Laboratory | 15].

Yes. TEM is widely available, but is cosily to operate.
Automated image capture and image analysis methods |32]
are used to improve uniformity of measurements,

Type A and B measurement uncertainties of the {itted
paramelers were assessed {30, 31, 33].

Appendix B. Definitions of statistical and
metrological terms

Statistical definitions

Mean

o Standard delinition: the mean (or arithinetic mean) is the
sum of all the values in a group {1;) divided by the number
of values in thal group (n).

E:r:] Xi

1

E:

o Fitted model: estimates for the fitted mean begin with
the standard definition and then are iteratively updated
o minimize the sum of dillerences belwecn Lhe relerence
maodel and the data.

F(hy.

Standard deviation

s Standard delinition: the standard deviation, denoted by s
or 5D, represents the average amount of variability in a set
of sample measurements. Thalis, itis the average distance
of each sample measurement (x;) from the mean {(x).

o Fitted modcel: estimates lor the fitted mean begin with
the standard definition and then are iteralively updated
to minjimize the sum of differences between the reference
mode] and the data,

s ().

676

Coefficient of variation
¢ Standard definition: the coefficient of variation is also
known as the unitized risk, variation cocfficient or relative
standard deviation, The example is Tor a sample mean.

= —.
X
s Filted model
. s
Caffity = =o-
ET TS

Standard error

e Standard definition:  example—standard ervror of the
mean. The standard error is (he standard deviation of the
sampling distribution of a statistic, The example 15 for a
sample mean. Standard error of (he mean is an estimate
of how close the sumple mean is (o the population mean.

« SE; = —\}—,—; This value decreases as the sample size
increases.

s Filled model: computed using Wald coalidence intervals

SE; ¢uy-

Refative standard crror

The RSE is the standard crror divided by its statistic and
expressed as a pereentage.

Standard definitton: example—RSIE of the mean.

iy = =

X

* RS

The p-value
IT the null hypothesis were true and il the experiment
were repeated many times, a p-value is the probability that

Metrologia, 50 (20 3) 603--678
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a value at least as extrenie as the computed test statistic would
be ohserved.

Note: in hypothesis lesting, a stalement claiming that
the nuil parameter is (he truc parameier is called the null
fypothesiv. The purpose of a fiypothesis test 1s 10 determine
whelher the data provide evidence against the null hypothesis.
When a statistic is oblained that is very difTerent from the null
parameter, the null hypothesis can be refected. An alternative,
or rescarch hypotitesis, 1s & hypothesis that states that the truc
parameter is nol (or is less than or is greater than) the null
patameter; 1L 1s the hypothesis that corresponds Lo Lhe research
question. The goal of a fvpethesis test is 1o reject the null
hypothests in favour of Lthe research hypothesis.

Bias

Bias is present when a stalistic is sysiematically different
irom the population parameler it is estimating.

By = |ew — cemlt e absolute difference between
the nean measurcd value and the certiied value,
the normal mean of this study would be the average of the
mdividual absolute differences between a measured mean and
the certified reference material mean,

2t B

biag = —/————_
n

Refative bias
Quotient of the bias divided by the expected value.

Virriance
The variance, Var(x), between a model and data ean be
defined as

"
" 2
Var(x) = 2 (-r;‘,mndc] - -"J’,dula) -

1

Residual deviation

The residual devigiion of an observed value is the
dilference between the observed vatue of the response variable
and the estimated value of the respoise variable.

Quantile plot

A guantile plot is a graphical method of comparing two
distributions, The quantiltes of the empirical {data) distribution
are plotted on the y-axis while the quantiles of the theoretical
(relerence) distribution with the same mean and variance as
the empirical distribution are plotied on the x-uxis.

Moegsuraney

Area-cquivalent dicmmeter
Diameter of a circle that has an arca equivalent to the area
reporled [or the particle

[44;
D =V

Maximum Feref digmeter
Distance between parallel {angents;
‘]ﬂl'lglh’; Dy s

corresponds o

Metredogia, 50 (2013) 663-67%

Bias ol

Minimum Feret dicineter
Distance between parallel tangents;
*breadth”; Dy in.

corresponds o

Shape fuctor
Ratio of the maximum and minimum Ferel diameters for
a particle (inverse of aspect ratio}

_ DJ'.m.‘lx
DE'.min

Metrological definitions

Measuremend .E{!i'(,'é’f‘!ﬂ!".'if_\'

For (he area-equivalent diameter, elements ol the
pooled measurement uncertainty (#,.(x}) could include the
interlaboratory reproducibility (e (ir)), the (rueness (x(¢)) and
the mmage resolution error (#{¢)). ‘Fhe image resolulion error
depends on the particle size, ranging from 3.3%to 1.7% o 1%
for particle sizes of 153 nm, 30 nm and 50 nm.

He(x) = \/u(h‘}z + f.;(r]2 + “((_)1_

Expanded measurement wice riainty

The Report of Iavestigation for RMB(2 [23]| gives
the expanded measurement uncertainty for 30nm  gold
nanoparticles, based on the combined standard uncertainty | 34|
for different ampouies of the relerence malterial (a Type A
evaluation}. The expanded measvrement uncertainty, U =
2.1, was computed using

U=k Sunpouke means * \X] + %
where k is the coverage lactor for 95% expanded uncertainty
intervals (=2), Swopoute means 18 (e standard deviation of the
means of the area-equivalent diwmneter computed for dilferent
ampoules {5 = .94 nm), and the radical terin adjusts [or the
number of ampoules studied (¥ = 4).
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