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Abstract
Enhanced darkfield microscopy (EDFM) and hyperspectral imaging (HSI) are
being evaluated as a potential rapid screening modality to reduce the time-to-
knowledge for direct visualisation and analysis of filter media used to sample
nanoparticulate from work environments, as compared to the current analyti-
cal gold standard of transmission electron microscopy (TEM). Here, we com-
pare accuracy, specificity, and sensitivity of several hyperspectral classification
models and data preprocessing techniques to determine how to most effectively
identifymultiwalled carbon nanotubes (MWCNTs) in hyperspectral images. Sev-
eral classification schemes were identified that are capable of classifying pixels
as MWCNT(+) or MWCNT(–) in hyperspectral images with specificity and sen-
sitivity over 99% on the test dataset. Functional principal component analysis
(FPCA) was identified as an appropriate data preprocessing technique, testing
optimally when coupled with a quadratic discriminant analysis (QDA) model
with forward stepwise variable selection and with a support vector machines
(SVM) model. The success of these methods suggests that EDFM-HSI may be
reliably employed to assess filter media exposed to MWCNTs. Future work will
evaluate the ability of EDFM-HSI to quantify MWCNTs collected on filter media
using this classification algorithm framework using the best-performing model
identified here – quadratic discriminant analysis with forward stepwise selection
on functional principal component data – on an expanded sample set.
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1 INTRODUCTION

The need for accurate, specific, and efficient methods
for occupational exposure assessment in nanotechnology
research and manufacturing environments grows with
the rapidly expanding market for nanotechnologies.
The U.S. National Institute for Occupational Safety and
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Health (NIOSH) Respiratory Disease Research Program
has conducted studies that indicate that engineered
nanomaterial (ENM) exposures represent potentially
preventable occupational health hazards1 and advocates
for responsible handling of ENMs.2 The current analytical
gold standard for filter media used to sample for airborne
nanoparticulate from occupational exposure assessments
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is adapted from historical methods for analysis of micron-
sized asbestos: offline analysis via transmission electron
microscopy (TEM),3,4 which may be coupled with energy
dispersive x-ray spectroscopy (EDS) for compositional
analysis. These methods were not developed for nanoscale
materials and are time- and resource-intensive, preventing
rapid evaluation of potential worker exposures. These lim-
itations will be exacerbated if industries become required
to monitor for nanoparticle (NP) emissions and comply
with any future occupational exposure limits (OELs) for
nanomaterials.
A rapid screening method for analysis of filter media

that is specific for nanomaterials is critically needed to
advance nanomaterial exposure science and expedite any
health and safety recommendations that may be needed.
Enhanced darkfield microscopy (EDFM), coupled with
hyperspectral imaging (HSI), is increasingly used for anal-
ysis of ENMs in a variety of biological and environmental
samples.5–12 HSI combines spectrophotometry and imag-
ing to capture a spectrum (400–1000 nm) from each pixel
in a hyperspectral image.6 Since hyperspectral images con-
tain both spatial and spectral data, they are also called
datacubes. Pixel data may be displayed as a smooth spec-
trum of wavelength intensities plotted against the tightly
sampled wavelength bands, representing the pixel’s spec-
tral signature. The spectral signature data contained in
each pixel of a datacube may be used to identify pixels
in an image that contain some given materials of interest
by comparing the image’s pixel data with pixel data col-
lected from samples of known composition. This is known
as hyperspectral classification.13
There are many methodologies for preprocessing hyper-

spectral data and classifying pixels in a datacube. It is
common with HSI to test several methods on an image
containing pixels whose classes are known in order to
determine the accuracy, sensitivity, and specificity of a
given method, as well as to compare across methods in
order to identify those that perform the best. However, at
microscopic scales, establishing such a ‘ground truth’ map
against which the accuracy of a classification algorithm
can be assessed may be nontrivial, especially when the
media is complex, as it may be extremely difficult to tell
with certainty which pixels contain the material of inter-
est. As a result, studies utilising EDFM-HSI for hyperspec-
tral classification of ENMs often leave statistical parame-
ters, such as sensitivity and specificity, untreated, or infor-
mally examine specificity only, by applying the classifica-
tion algorithm to a sample known to be unexposed and
showing that few pixels are falsely mapped to the particle
of interest.14 An additional consequence of this obstacle to
training and testing classification algorithms in the context
of HSI for ENMs is that few classification algorithms have
been formally tested.

The spectral angle mapper (SAM) algorithm is com-
monly employed for classification in the ENM context
because a full ‘ground truth’ map is not required for train-
ing this algorithm. Instead, the SAM algorithm constructs
an initial collection of spectra corresponding to pixels
believed to contain a material of interest from a positive
control image. The collection of spectra is then filtered
against an image of a sample in which it is known that
thematerial of interest is absent (a negative control image)
in order to remove all pixels in the collection that do not
correspond to the material of interest. Thus, the collec-
tion is reduced to contain only spectra from thematerial of
interest and specificity is thereby increased. This reduced
collection of spectra is then used to map new images of
unknown composition.14 This method appears to make
reliable hyperspectral classification possible in the absence
of a ‘ground truth’ map, but the absence of such a ‘ground
truth’ map has, so far, prevented users from determin-
ing the method’s classification sensitivity and from testing
other classification methods.
However, filter media used to capture airborne multi-

walled carbon nanotubes (MWCNTs) presents a unique
opportunity to test classification algorithms on ENM spec-
tral data in a fully rigorous fashion, replete with a large set
of pixels frombothMWCNT(+) andMWCNT(–) classes for
which a ‘ground truth’ map is available. Several classifica-
tion algorithms may thus be fully characterised and com-
pared. Since the samplematrix is quite simple – a very visu-
ally homogenous filter – and the materials of interest are
morphologically unique, spatially contiguous tubes, a rel-
atively large sample of MWCNT(+) pixels may be visually
selectedwith confidence.While the distinctmorphology of
MWCNTs lends itself to a visual assessment of the presence
of MWCNTs captured on filters – making the use of soft-
ware classification algorithms seem like overkill – using
a classification algorithm can expedite analysis of a large
number of samples, particularly if an estimation of struc-
ture count is needed. The work presented here will also
inform protocol development for analysis of other ENMs
on filters, for example, spherical or quasi-spherical ENMs
that cannot be confidently identified by visual assessment
alone.
From this sample set, MWCNT(–) pixels are easily sam-

pled from images of filters unexposed to MWCNTs. These
samples of pixels may then be used to train classification
algorithms and determine their accuracy (the percent of
all pixels correctly classified), sensitivity (the percent of
MWCNT(+) pixels correctly classified), and specificity
(the percent of MWCNT(–) pixels correctly classified).
Accuracy, sensitivity, and specificity may then be used
to compare the performance of competing classification
algorithms.
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This study leverages this property of MWCNTs to test
several well-known data preprocessing techniques and
classification models against the popular SAM algorithm
and compare performance. Here, we conduct a rigorous
and objective evaluation of optimal signal processing algo-
rithms using MWCNTs as the test material. A sample
of pixels of known class (MWCNT(+) and MWCNT(–))
was amassed by means of visual assessment and divided
into one training and one testing sample. The training set
was used to tune several classification algorithms, each
of which combined a variety of data preprocessing steps
with a variety of classification models. Each algorithm
was then tested on the testing sample for accuracy, sen-
sitivity, and specificity, and the algorithms’ effectiveness
were then compared. Our goal is for this analysis to pro-
vide an evidence base to determine which classification
algorithms are most appropriate in this context, complete
with fully rigorous effectiveness characterisations. In this
way, this study will lay the groundwork necessary for actu-
alising EDFM-HSI as a modality for MWCNT exposure
assessment.

2 METHODS

2.1 Sample preparation

2.1.1 Multiwalled carbon nanotubes
(MWCNTs)

Nanocyl NC7000 MWCNTs (Nanocyl SA, Belgium) were
used for this study. TheseMWCNTs are thinmultiwall car-
bon nanotubes that are produced by the catalytic chemi-
cal vapour deposition (CCVD) process and have an average
diameter of 9.5 nm and an average length of 1.5 μm.

2.1.2 Sample generation: MWCNTs on
mixed cellulose ester (MCE) filter media

An aerosol of Nanocyl NC7000 MWCNTs was created via
an aerosol generation system (NIOSH HELD, Morgan-
town, WV). This system is capable of sustaining an aerosol
concentration of 0.5 mg/m3. Leland pumps were used to
create filter-based samples onmixed cellulose ester (MCE)
filter media at a goal flow rate of 4LPM. The samples anal-
ysed and presented here were split between a training set
and a testing set. For training, one filter blank and one
positive control sample exposed to 17.91 mg/m3 MWCNT
[equivalent to 8 hour time-weighted average (TWA) of
3.7303 μg/m3] was analysed. For testing, another filter
blank and a positive control sample exposed to 3.07mg/m3

MWCNT (equivalent to 8 hour TWA of 1.279 μg/m3) was

analysed. A total of 2 filter blanks and 2 positive controls
were used for this initial study. Filter blanks were prepared
using filtered air only. This sample generation method
approximates particle capture as would be found in field-
based occupational exposure assessments of exposures to
airborne nanoparticulate.

2.1.3 Filter sample preparation for imaging

Exposed MCE filters were prepared for EDFM-his.15 A
portion of the filter (approximately 20–25% of the fil-
ter) was cut and placed on a cleanroom-cleaned glass
microscopy slide (NEXTERION, SCHOTTNorth America,
Inc., Tempe, AZ, USA). A cleanroom-cleaned glass cover-
slip (NEXTERION) was placed on top of the filter but was
not adhered. Acetone (approximately 500 μL) was pipetted
in between the slide and coverslip to saturate and clear the
filter portion. The coverslip was sealed with clear nail pol-
ish. Cleanroom-cleaned glass microscopy slides and cov-
erslips were used to minimise contamination of the filter
samples.

2.2 Enhanced darkfield microscopy and
hyperspectral imaging (EDFM-HSI)

The CytoViva (CytoViva, Inc., Auburn, AL) EDFM-HSI
system provides wavelength intensities for each pixel in
a hyperspectral image – also called a datacube – over the
spectral wavelength range 400–1000 nm, sampled with
2nm spectral resolution.5 Optical darkfield (DF) images
and hyperspectral datacubes were captured as previously
described.6–8,14,16 Briefly, DF images and hyperspectral dat-
acubes were acquired with a CytoViva EDFM-HSI system
(CytoViva, Inc.) mounted on an Olympus BX-43 micro-
scope with an EDFM condenser. Images were obtained at
40× magnification using a DAGE optical camera system
for DF images and a Pixelfly camera system for HSI that
captures spectral data per pixel in the VNIR region. Ten
DF images and 10 corresponding datacubes were captured
per sample. Pixel resolution at 40×magnification with low
spatial resolution is approximately 323nm x 323nm. Res-
olution was sacrificed in favour of increased area within
the field of view (FOV). Images were captured randomly
within the filter area for statistical purposes. MWCNTs
were visible with EDFM as bright structures. DF images
and hyperspectral datacubes were also collected for a filter
blank. All datacubes were corrected for the spectra con-
tributed by the microscope’s light source. Following cor-
rection for the light source, all datacubes were spectrally
subset from 450 to 725 nm to remove noise at<450 nm and
>725 nm for use with the SAM classification algorithm. All
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F IGURE 1 Enhanced darkfield and hyperspectral images of MWCNTs collected on MCE filter media
(a) RSL for MWCNTs collected on MCE filters. (b–d) Images of the training set positive control; (b) DF image; (c) HSI datacube; (D) mapped
HSI datacube classified using the RSL in (a) with the SAM algorithm. (e–g) Images of the test set positive control; (e) DF image; (f) HSI
datacube; (g) mapped HSI datacube classified using the RSL in (a) with the SAM algorithm. Pixels classified as MWCNT(+) are indicated by
the aqua false coloration overlay in (d) and (g). Pixels at the centre of MWCNTs were typically unclassified (indicated by red arrows)

other classification models were used on lamp-corrected
datacubes that were not spectrally subset.

2.3 Training and testing set creation for
the classification experiment

Each classification algorithm tested in this paper was
trained over a set of data (the spectra corresponding to a
collection of pixels) with known class identities (the train-
ing set) in order to be used to predict the class of a newpixel
based on its spectrum. Additionally, in order to understand
the performance of these algorithms, another set of spec-
tral data with known class identities must be held sep-
arate from the training samples (the test set). The algo-
rithms are used to classify this test set of data so that the
predicted class labels can be compared with the known
class labels in order to give a fair assessment of the mod-
els’ accuracy, sensitivity, and specificity using truly new
data.

2.3.1 Training set

A training set was constructed using pixels manually
selected over 10 hyperspectral datacubes taken from one
MWCNT-exposed filter and 1 datacube taken from a vehi-
cle blank filter. Known MWCNT(+) pixels were added to
the training set by visually assessing these 10 hyperspectral
datacubes of one MWCNT-exposed filter and selecting the

pixels which were confidently assessed to correspond to
MWCNTs. It should be noted that, in these 10 datacubes,
not all pixels were categorised; rather, a subset of the pixels
in a givenMWCNT-exposed filter image were added to the
MWCNT(+) pixel bank if they belonged unambiguously
to the tube-like structures shown in Figures 1c and 1f.
This is possible due to the characteristic morphology of
MWCNTs, and how this morphology stands in bright
contrast to the filter media. Known MWCNT(–) pixels
were added to the training set from the image taken of the
vehicle blank filter by manually selecting blocks of pixels
in a manner that attempted to capture as many features
in the blank filter image as possible, including the various
blips (of unknown composition) appearing in the image.
The training set contained 3931 MWCNT(+) pixels and
5514 MWCNT(–) pixels in total.

2.3.2 Testing set

A testing set was then constructed from 10 hyperspectral
datacubes of a different MWCNT(+) filter and 4 datacubes
from a different vehicle blank filter. The test set contained
1507MWCNT(+) pixels that were chosen from the exposed
filters using the same methodology used to construct the
training set. Additionally, 1250 MWCNT(–) pixels from
each of the four datacubes taken of the vehicle blank fil-
ter were randomly selected for the test set. Thus, the test
set contained 1507 MWCNT(+) and 5000 MWCNT(–) pix-
els in total.
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2.4 Statistical tests for comparison

Hypothesis tests were performed to compare the model
attaining highest sensitivity on the test set to every other
model tested, and to compare themodel attaining the high-
est specificity on the test set to every other model tested.
In particular, McNemar’s test for paired comparison of
binary data was used to test, for each suboptimal model,
the hypothesis that that suboptimal model performed as
well as the best performingmodel. For the sensitivity tests,
this was carried out over test set MWCNT(+) pixels only.
For the specificity tests, this was carried out over test set
MWCNT(–) pixels only. p Values were adjusted to con-
trol the family error rate separately for the sensitivity tests
and specificity tests, using the Holm sequentially rejective
method.17

2.5 Classification models

Here, we describe the classification models tested for clas-
sifying the MWCNT images. With the exception of the
SAM and CNN algorithms, all models were tuned over
the training set using five-fold cross-validation, such that
a relevant grid of model parameters was specified and the
parameterisation that maximised cross-validation classifi-
cation accuracy over the training set was selected as the
final model for testing. For SAM, no tuning was necessary,
and for CNN, a single validation set of 450 MWCNT(+)
samples and 827 MWCNT(–) samples was broken off from
the training set.

2.5.1 Spectral angle mapper (SAM)
algorithm

First, a reference spectral library (RSL) was created using
the particle filtering method.6–8,14 Briefly, a preliminary
spectral librarywas created by the particle filteringmethod
in the ENVI 4.8 (Harris Corporation, Broomfield, CO)
HSI software, which selects pixels that meet user-defined
spectral intensity parameters. This process was done on a
lamp-corrected and spectrally subset datacube so that the
influence of the lamp spectrum and noise ≤450 nm and
≥725 nm were removed. The preliminary spectral library
was then filtered against a negative control (filter blank)
datacube to remove any duplicative spectra corresponding
to the filter and/or any potential contamination from sam-
ple preparation. Finally, the library was filtered against
itself to remove any duplicative spectra so that the final
RSL consisted only of unique spectra. The final RSL was
used for hyperspectral mapping using the SAM algorithm.
The RSL was used to map to each lamp-corrected and
spectrally subset datacube using the SAM algorithm

(threshold = 0.1 radians) to create an image with a false
coloration overlay that identifies the pixels with spectra
that correspond to spectra in the RSL. The mapped image
therefore identifies NP(+) pixels. Additionally, the SAM
algorithm using the RSL was applied to two other dat-
acubes: one that contained each MWCNT(+) pixel from
the test set (n = 1507 pixels) and one that contained each
MWCNT(–) pixel from the test set (n = 5000 pixels) in
order to evaluate the ability of SAM to correctly classify
MWCNT(+) and MWCNT(–) pixels.

2.5.2 K nearest neighbours (KNN) with
cosine angle distance

The K nearest neighbours (KNN) classification algorithm
– for a given distance function, odd integer k, and training
set – predicts the class of a new sample by first calculating
the distance between the new sample and each element of
the training set. It then classifies the new sample as the
majority class membership among the k closest (in terms
of the distance function) training set elements.
For this study, distance between spectra was calculated

as the cosine of the angle between the data vectors that
represented those spectra. For two spectral vectors v and
u, this cosine angle distance may be expressed as cosθ
= (v∙u)/‖v‖‖u‖. This distance function is chosen, in this
algorithm and the SAM algorithm, because it is average
intensity invariant. Since spectral intensity units are arbi-
trary and differences in spectral intensities between simi-
larly shaped curves may correspond to nuisance artefacts
of image acquisition, such as exposure time, focal plane or
aperture, a spectrum’s average intensity may add uninfor-
mative noise to the classification problem. For this reason,
an average intensity invariant distance function may be
more likely to quantify the important differences between
spectra, such as spectral shape.
This algorithm is, in some sense, an extension of the

SAM algorithm. The SAM algorithm classifies a pixel as
MWCNT(+) if its cosine angle distance to any member of
the RSL is within some fixed threshold, and KNN uses the
same cosine angle distance function, but allows the thresh-
old to vary by the pixel spectrum’s location in spectra-space
(as determined by the 𝑘 nearest neighbors rule). KNN uses
the training samples analogously to SAMs use of the RSL;
however, KNN is trained in a fully supervised manner,
while the creation of SAM’s spectral library is a semisuper-
vised process. Because KNN is a fully supervised learning
procedure, the model can be more formally tuned over 𝑘
values, making it a convenient and informative extension
to the SAM algorithm. The parameter 𝑘 was tuned over an
array of possible k values ranging from 1 to 400, increment-
ing by 6.



SMITH et al. 107

2.5.3 Logistic regression (LR) with elastic
net penalty (LR net)

Logistic regression with elastic net penalty is a linear
classification model that employs a penalty to stabilise
model predictions and perform feature selection in the
case where the model’s predictors are highly correlated.18
Where logistic regression maximises the log likelihood
function loglog 𝐿(𝛽), the model with elastic net penalty
maximises the penalised log likelihood

loglog Lβ + λ

[
(1 − α)

1

2

n∑
j=1

β2
j
+ α

n∑
j=1

|βj|
]

(1)

where 𝛼 and 𝜆 are model parameters. Inside the brackets,
we see a linear combination of the lasso penalty and the
ridge penalty,moderated by𝛼. The lasso penalty

∑ 𝑛
𝑗 = 1

|𝛽𝑗|
both shrinks coefficients to increase model stability and
performs feature selection by potentially tamping coeffi-
cients down to zero, while the ridge penalty

∑ 𝑛
𝑗 = 1

𝛽𝑗
2

shrinks coefficients only. The relative performance of these
two penalties is situation-dependent.19 Hence, this model
uses the 𝛼 (mixing) parameter to enable the modeller to
use the data to strike a balance between the ridge and
lasso penalties. The 𝜆 (regularisation) parameter deter-
mines how stronglymodel coefficients should be penalised
overall. These parameters were set via grid search (𝛼 = 0,
0.1, 0.2, 0.4, 0.6, 0.8, 1; 𝜆 in grid including 0, 0.005 and 25
evenly spaced values from 0.01 to 0.3) in five-fold cross-
validation over the training set.

2.5.4 Quadratic discriminant analysis
(QDA) using forward selection

Quadratic discriminant analysis (QDA) is a generalisation
of linear discriminant analysis (LDA), a method that min-
imises the probability of misclassification, assuming the
data in each class are multivariate normal with a common
variance–covariance matrix, by finding the linear combi-
nation of predictor variables thatmaximises the ratio of the
between-group variability and the within-group variabil-
ity. Therefore, LDA finds the hyperplane between classes
that minimises the probability of misclassification. QDA
drops the assumption that the two classes have a com-
mon variance–covariance matrix, and as a result, yields
a quadratic boundary between classes. Since the effec-
tiveness of LDA and QDA models is deteriorated when
uninformative predictors are included in the model, a for-
ward selection procedure was incorporated. Model accu-
racy over 10-fold cross-validation was used as the forward
selection criteria. For themultivariate PCmodels, selection
was stopped when the 10-fold cross-validation accuracy

ceased to improve or the maximum number of allowed
predictors was reached. For these models, the maximum
number of allowed predictors was also treated as a tun-
ing parameter over five-fold cross-validation. Thus, the 10-
fold cross-validation forward selection procedure was per-
formed within each of the five folds for each tested num-
ber of allowed variables, an integer tuning grid from 1 to 10.
For the FPCA models, the added FPC smoothing parame-
ter increased the run-time of the fitting procedure, so the
maximum number of allowed predictors was removed as
a tuning parameter. Instead, selection was simply stopped
when five-fold cross-validation accuracy over the training
dataset increased by less than 0.001.

2.5.5 Support vector machines (SVM)

Support vector machines (SVM) is a popular and broadly
applicable model for classification. The method creates a
very flexible, nonlinear decision boundary between classes
by first performing a nonlinear mapping of the data into
a new feature space that is higher dimensional than the
Euclidean space the data occupies originally and then
identifying a linear boundary between classes in this new
feature space. This mapping is achieved using a kernel
function.19 Briefly, the linear boundary in the new, high
dimensional feature space is chosen to maximise the dis-
tance between the boundary and the closest correctly clas-
sified data point(s), subject to a cost penalty for observa-
tions misclassified by the boundary, where cost is assigned
proportional to distance from the boundary. The total
allowed cost is a model parameter, C, which was tuned
over a grid via cross-validation, allowing for great flexibility
in striking a balance between overfitting and underfitting
the data. For untransformed and average normalised data
(see below), the grid was composed of C values 2𝑛, 𝑛 =

−3,−2,… , 8. For FPCA data (see below), the grid was com-
posed of C values 30, 60, 150, 300, 600, 1000. Additionally,
the SVM models using PCA and FPCA data were tuned
over the number 𝑘 of FPCs retained in the model, using
a grid search over 𝑘 = 10, 25, 50, 100, 150, 200, 453.
This paper employs SVMusing the radial basis kernel func-
tion. This kernel function comes with another parameter,
𝜎, which was set using an analytical estimate based on the
training data.18

2.5.6 Convolutional neural network (CNN)

Convolutional neural networks (CNN) are a class of deep
feed-forward neural networks that utilise at least one con-
volutional layer. They have proven exceptionally useful on
data with a natural grid structure, like image data, where
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data is arranged along a two-dimensional grid of pixels;
time series data, where data is arranged along the one-
dimensional grid of temporal observations; and, in our
case, hyperspectral data, where intensity data is arranged
along the one-dimensional grid of wavelengths.20 In a
convolutional layer, output units are sparsely connected
to their input units. In the one-dimensional case, out-
put units are arranged in a series of one-dimensional
grids, called filters. Each filter (grid of output units) is
the result of convolving a kernel of weights across the
one-dimensional grid of (potentially vector-valued) input
units. The algorithm learns one kernel of weights for each
filter. This means that this kind of feed-forward layer
economises on parameters by sharing them across all of
the output units within a filter. It also implies that the
one-dimensional grid of output units within a given filter
represent the same learned feature observed like a sliding
window across the one-dimensional grid of input units.
Mathematical details are expounded upon elsewhere.20,21
In recent years, CNNs have been employed successfully in
the hyperspectral classification context.22,23 In this paper,
we bring the model architecture designed by Mei et al. for
remote sensing problems to our hyperspectral microscopy
problem. The architecture is shown in Figure 2 below. The
CNN incorporates a batch-normalisation layer between
the convolutional layer and its activation function, which
helps prevent overfitting in the absence of pooling layers,
and which has been shown to enable higher learning rates
during optimisation.24 In the dropout layer, the dropout
rate was set to 0.1. ReLu activations were used throughout
hidden layers, and the output layer uses the conventional
sigmoid activation function. The binary cross-entropy loss
function was minimised using stochastic gradient descent
with shuffled batches of 35 samples over 200 epochs with a
learning rate of 0.1. Let n1 denote the number of filters and
n2 denote the kernel widths for each filter in the convolu-
tional layer; let n3 denote the number of units in the dense
layer. Then we tuned the model’s parameter triplet (n1, n2,
n3) over the grid {15, 20, 25}× {150, 200, 250}× {80, 100, 120};
we selected the parameters which maximised validation
set accuracy. All computations were carried out using the
Keras package for R Studio.25 CNN is an end-to-end clas-
sification algorithm which automates a supervised feature
design and selection procedures; it is for this reason that, in
the work that follows, CNN is not coupled with any of the
data preprocessing methods discussed in the next section.

2.6 Data preprocessing methods

Several different methods for preprocessing the spectral
data were tested in order to explore how the unique prop-
erties of spectral data might best be represented or trans-

F IGURE 2 Convolutional neural network architecture

formed for classification. However, before each of these
techniques was employed, the spectral reflectance inten-
sities from each image were normalised to fall between 0
and 1. Each of the methods discussed below were com-
bined with some or all of the classification models above,
as was judged appropriate based on a given model’s sen-
sitivities to highly correlated data. Table 1 shows the
model/preprocessing method combinations tested.

2.6.1 Average normalisation

Figure 3 and the discussion in the KNN methods section
illustrates that a spectrum’s shape may be more important
to solving the hyperspectral classification problem than its
average intensity. Hence, it has been proposed that spectra
be normalised by their average intensity prior to employ-
ing a classification modelling technique, in order to force
the model to utilise the spectra’s shape information and to
downplay the role of overall intensity in classification.13,26
The normalisation is constructed as follows: for a given
spectrum 𝑣 = [𝑣1, … , 𝑣𝑛], where 𝑣𝑖 is the spectrum’s inten-
sity at wavelength band 𝑖, the spectrum’s average intensity
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TABLE 1 Classification algorithm results on the test dataset

MWCNT(+) pixels MWCNT(–) pixels
Normalisation misclassified pixels misclassified Sensitivity Specificity Accuracy

SAM Untransformed 1386 0 0.080* 1.000 0.7867
LR net Untransformed 23 26 0.985* 0.995** 0.9925

Avg. norm. 1 2492 0.999 0.502** 0.6169
PCA 46 2 0.969* 1.000 0.9926
PCA – avg. normalised data 4 2013 0.997 0.597** 0.6900
FPCA – B-spline smooth 31 3 0.979* 0.999 0.9948
FPCA – PC smooth 32 4 0.979* 0.999 0.9945

SVM Untransformed 41 10 0.973* 0.998** 0.9922
Avg. norm. 2 769 0.999 0.846** 0.8815
PCA 12 154 0.992* 0.969** 0.9745
PCA – avg. normalised data 0 4 1.000 0.999 0.9994
FPCA – B-spline smooth 5 7 0.997 0.999 0.9982
FPCA – PC smooth 2 6 0.999 0.999 0.9988

QDA step PC 19 2 0.987* 1.000 0.9968
PCA – avg. normalised data 0 27 1.000 0.995** 0.9959
FPCA – B-spline smooth 0 9 1.000 0.998** 0.9986
FPCA – PC smooth 0 6 1.000 0.999 0.9991

KNN Untransformed (K = 349) 1507 0 0.000* 1.000 0.7684
Untransformed, post hoc (K = 375) 3 315 0.998 0.9370** 0.9511

CNN Untransformed 47 8 0.969* 0.998** 0.9915

*Statistically significantly worse sensitivity than the highest sensitivity models tested, at the 5% level. The highest sensitivity models all had 100% sensitivity.
**Statistically significantly worse specificity than the highest specificity models tested, at the 5% level. The highest specificity models all had 100% specificity.

F IGURE 3 Random sample of MWCNT(+) spectra before and after average normalisation
A random sample of MWCNT(+) spectra before and after average normalisation; spectral shape characteristics are emphasised as spectra are
constrained to have unit average intensity
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is defined equal to 1

𝑛

∑𝑛

𝑖=1
𝑣𝑖 ≡ 𝜇. The average normalised

spectrum is then defined equal to 1

𝜇
𝑣. This normalisation

is carried out separately for each spectrum.

2.6.2 Principal component analysis (PCA)

As is evident from the curve-like structure of a pixel’s
spectrum, spectral wavelength bands are very highly cor-
related. Highly correlated predictors pose a problem for
many popular classification algorithms; for example, the
QDA classification model is likely to become overfit and
make unstable predictions when there is a large number
of highly correlated predictors. Principal component anal-
ysis (PCA) takes linear combinations of the original pre-
dictors to create a new, reduced set of uncorrelated features
that represent a large portion of the variation in the sample.
Principal components were derived from the training data
only; the test set principal component scores are derived
from these training set principal components. Addi-
tional detail regarding PCA is provided in Supplemental
Materials.

2.6.3 Functional principal component
analysis (FPCA)

Functional data analysis (FDA) provides a framework for
analysing data that are discretely observed realisations of a
continuous stochastic process. Functional principal com-
ponent analysis (FPCA) is used here to create smoothed
approximations to the continuous spectra underlying the
HSI data and to specify the approximations in terms of
an orthonormal basis for a finite dimensional subspace
of 𝐿2 functions. The 𝐿2 inner product between approxi-
mated spectra is then conveniently equivalent to the dot
product of their vectors of coefficients in the basis. In
this way, the method provides both a smooth approxi-
mation to the spectra and translates relations between
spectra from 𝐿2 to Euclidean space, where most classi-
fication algorithms are designed to operate. Goodfellow
et al. provide a comprehensive introduction to these top-
ics, which is summarised briefly in Supplemental Mate-
rials in the context of FPCA for HSI data. Smoothness
is imposed on the data through a smoothing parameter
𝜆. The spectra may be smoothed before the FPCA; we
refer to thismethod of preprocessing as B-spline-smoothed
FPCA. Alternatively, the spectra may be smoothed directly
through the FPCA; we refer to this method of prepro-
cessing as FPC-smoothed FPCA. The smoothing parame-
ter was set via grid search over 10-fold cross-validation on
the training set. For B-spline-smoothed FPCA, the search

grid set 𝜆 = 1.778279 × 10𝑛, 𝑛 = 0, 1, … , 5. For FPC-
smoothed FPCA, the grid set 𝜆 = 0.1, 1, 10, 100, 316.2, 1000,
1778.3.

3 RESULTS

3.1 Imaging via EDFM-HSI

Filter samples were imaged by EDFM and HSI. MWCNTs
were apparent as bright fibre-like structures against a dark
background (Figure 1). MWCNT(+) pixels are easily iden-
tifiable by visual assessment alone, given the distinct mor-
phology of these structures. MWCNTs were not observed
on filter blanks (negative controls; data not shown).

3.2 Comparison of classification
methods

Several classificationmodel/preprocessingmethod combi-
nations were trained over the training dataset and then
tested on the testing dataset, which was composed of 1507
MWCNT(+) pixels and 5000 MWCNT(–) pixels. The accu-
racy, sensitivity and specificity results for each algorithm
tested are displayed in Table 1. The highest accuracy algo-
rithm was SVM with PCA on average normalised spec-
tra, which misclassified only 4 of the 6507 test pixels,
attaining perfect sensitivity and 99.9% specificity. QDA for-
ward selection performed over FPC-smoothed FPC scores,
which misclassified only six pixels, attaining 99.9% accu-
racy, perfect sensitivity and 99.9% specificity. This SVM
model and the QDA models performed on average nor-
malised PC scores, B-spline-smoothed FPC scores and PC-
smoothed FPC scores each had perfect sensitivity. The sen-
sitivity of these algorithms was statistically compared with
each of the others using McNemar’s test with a Holm p-
value correction to control the family error rate. The SAM
model, KNN model, QDA model performed on untrans-
formed PC scores and the LR net model performed on
average normalised multivariate PC data each had perfect
specificity. The specificity of these algorithms was com-
pared with each of the others using McNemar’s test with
a Holm p-value correction to control the family error rate.
All comparisons were made at the 5% level. Statistical test
results are displayed in Table 1.
The SAM algorithm had 78.7% accuracy, correctly classi-

fying allMWCNT(–) pixels in the test set, but only correctly
classified 8% of the MWCNT(+) pixels. Based on a visual
assessment of the SAM classification overlay (Figure 1), it
is apparent that many MWCNT(+) pixels were not identi-
fied as such. Typically, the pixels at the centre of MWCNT
fibres were classified as MWCNT(–). The SAM algorithm
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F IGURE 4 Plot of within-class standard deviations by spectral band number, untransformed and average normalised training set pixels
Within-class standard deviation of intensity by band for training pixels before and after average normalisation

had statistically significantly lower sensitivity than the per-
fect sensitivity algorithms, and had the second lowest sen-
sitivity overall.
The average normalisation transformation appears to

successfully emphasise spectral shape and downplay dif-
ferences in spectral average intensity when applied to
MWCNT(+) pixels. A simple random sample of five spec-
tra corresponding to MWCNT(+) pixels is shown in the
left-hand panel of Figure 3. Two of the spectra, the black
and royal blue plotted curves, have markedly similar
shapes, but differ in average intensity: roughly speak-
ing, they appear to be constant multiples of one another.
The results of the average normalisation performed on
the same random sample of spectra are shown in the
right panel of Figure 3. All of the spectra are cinched
together and the black and royal blue spectra in particu-
lar are nearly overlapping. However, this transformation
also dramatically inflated the standard deviations of wave-
length bands in MWCNT(–) pixels. Figure 4 shows how
the standard deviations in the first 50 spectral bands of
MWCNT(–) pixels is greatly amplified by the average nor-
malisation. This standard deviation amplification does not
occur to the same extent in the same bands of MWCNT(+)
pixels. Many of the spectra corresponding to MWCNT
(–) pixels correspond to microscope slide background and
so are dominated by noise, with no apparent signal and
very small average intensity. Thus, the average normal-
isation divides noisy intensity spikes by a small num-

ber, effectively amplifying the signal’s noise. On the other
hand, since MWCNT(+) pixels usually have larger spec-
tral average intensities, noise is not as amplified. In this
way, the average normalisation puts the standard devi-
ations of the two pixel classes on essentially different
scales. The SVM model using PCA on average normalised
data was the best-performing model tested; however, the
rest of the classification algorithms using average nor-
malised data all had statistically significantly worse speci-
ficity than the perfect specificity algorithms, and among
QDA and LR net models, the algorithms using average
normalised data had the lowest specificities. Thus, we
see that the SVM model works more effectively with the
amplified noise in average-normalised MWCNT(–) pix-
els than the LR net and QDA models tested. Algorithms
using average normalised data did not have statistically
significantly worse than perfect sensitivity, and within
each model type, algorithms using average normalised
data have the highest sensitivities.
All models usingmultivariate PC scores had at least 97%

sensitivity, and all but the LR net model usingmultivariate
PC scores constructed from average normalised data
had over 99% specificity. When paired with a forward
stepwise variable selection procedure under the QDA
model, multivariate PCA was really effective at reducing
model dimensionality: the stepwise variable selection
procedure for the QDA multivariate PC model performed
over untransformed data kept just 3 variables, while 10
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F IGURE 5 Spectra after B-spline fitting
Top row: 𝜆 = 17.78; bottom row: 𝜆 = 17782.78

variables were retained when the same algorithm was
performed over average normalised data.
Functional PCA was uniformly effective, with clas-

sification accuracy exceeding 99% in every instance in
which it was tested. The QDA forward selection mod-
els using FPC-smoothed FPC scores data and B-spline-
smoothed FPC scores data accounted for two of the four
algorithms with perfect sensitivity, and both SVM algo-
rithms based onFPC scores did not have statistically signif-
icantly worse sensitivity. Additionally, the SVM and QDA
forward selection algorithms using FPC-smoothed FPC
scores data and both LR algorithms using FPCA did not
have statistically significantly worse specificity. The SVM
and QDA stepwise algorithms using FPC-smoothed FPC
scores and the SVM algorithm using B-spline-smoothed
FPC scores were three of only four algorithms which
did not have statistically significantly worse than perfect
sensitivity or specificity. Interestingly, the CNN method
on untransformed data, which uses the data to design

and select its own features in a supervised manner, per-
formed worse than the FPCA methods, and had sta-
tistically significantly worse than perfect sensitivity and
specificity.
In tuning algorithms that used FPCA, different models

selected different optimal 𝜆 values: for example, the opti-
mal B-spline-smoothed FPCA 𝜆 value was 1.78 for the LR
netmodel, 17,782 for theQDAmodel, and 17.78 for the SVM
model. Figure 5 shows a random sample of MWCNT(+)
and MWCNT(–) spectra plotted as their B-spline-fitted
continuous functions using the penalised LS criterion (1)
with 𝜆 set to 17.78 and 17,782. Figure 6 shows, for these
two values of 𝜆, the mean and standard deviations of these
residuals by band across all training sample spectra. From
Figure 5, it is clear that a higher value of 𝜆 imposes more
smoothness on the fitted curve. For example, in the rela-
tively high intensity teal curve in the MWCNT(–) sample,
when 𝜆 is set equal to 17.78, small spikes are visible in the
band range from 310 to 380, but are completely smoothed
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F IGURE 6 B-spline fitting, mean and standard deviation (SD) sample residuals
Top row: 𝜆 = 17.78; bottom row: 𝜆 = 17782.78

F IGURE 7 FPC scree plot: B-spline smoothed
Left: 𝜆 = 17.78; right: 𝜆 = 17782.78

over when 𝜆 = 17782.78. Clearly, the added smoothness
comes with a cost in terms of bias, as is evident in Figure 6,
where the top left plot shows the residual means by band
when B-splines are fitted with 𝜆 = 17.78 and the bottom left
plot shows the residual means by band when 𝜆 = 17782.78.
We see that the residual means oscillate in a random pat-
tern around 0 when 𝜆 is set to 17.78, indicating that signal
is not being smoothed over; however, when 𝜆 = 17782.78,
the residual mean pattern has distinct curvature across
bands, indicating that some signal is being smoothed over.
This suggests the fitted curves are slightly biased. It is
interesting that, in tuning the FPCA-based algorithms

through cross-validation, some models sacrifice bias for
smoothness, and others sacrifice smoothness for bias;
this indicates that it is important to tune FPCA-based
algorithms over lambda, in order to let the data influence
the optimal bias-smoothness tradeoff. Figure 7 shows a
scree plot for B-spline-smoothed FPCs performed over
curves fit using the fitting criterion specified in Equation
(2) with 𝜆 = 17.78 (left) and 𝜆 = 17782.78 (right). For 𝜆 =
17.78, over 99% of the sample’s total variation is accounted
for by the first 8 FPCs and for 𝜆 = 17782.78, over 99% of the
sample’s total variation is accounted for in just the first
5 FPCs.
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F IGURE 8 KNNmodel tuning on training set
KNN model five-fold cross-validation accuracy in training; accuracy
increases sharply to its maximum and declines slowly afterwards

The KNN model’s performance over a grid of k values
in five-fold cross-validation on the training set is displayed
in Figure 8; peak performance occurred at k = 337. The
final model selected for testing set k = 349, since the plot
makes clear that the performance cost of undershooting
the truly optimal k value is higher than the cost of over-
shooting such a k value. Despite setting k = 349, 12 above
the training set optimal k value, the truly optimal value of
k was still undershot, and modelling accuracy was detri-
mentally impacted as a result: this model classified every
pixel in the testing set as MWCNT(–) and therefore had 0%
sensitivity and 100% specificity. In post hoc investigations,
classification results were much improved when k was set
to 375. Thus,we see that the tuning parameters for theKNN
algorithm are pretty unstable.

4 DISCUSSION

Overall, the best performing classification algorithmswere
the SVM and QDA algorithms that used PC-smoothed
FPCA score data, the SVMmodel using B-spline-smoothed
FPCA scores, and the SVMmodel using multivariate-PCA
scores derived from average-normalised data; these were
the only algorithms that did not have statistically signif-
icantly worse than perfect specificity and sensitivity. The
B-spline-smoothed FPCA-based QDA model did not per-
form statistically significantly worse in terms of sensitivity
and had only marginally worse specificity. This suggests
that FPCA is an effective method for preprocessing hyper-
spectral microscopy data for classification, outperforming
even the supervised feature design and selection implicit in

the CNN algorithm, although it is possible that with more
training data, CNNwould have performed better. This pro-
vides evidence in practice that FPC scores effectively carry
the angle and distance relationships between spectra from
the linear space 𝐿2[𝑤1, 𝑤2] of continuous pixel spectra
to the Euclidean space where most classification models
were designed to operate. Outside of these five algorithms,
larger sacrifices of either sensitivity or specificity must be
made. Importantly, these algorithms, and several others,
performed much better than the SAM algorithm, which
had poor sensitivity.
The KNN results indicate why SAM is underperform-

ing in this context: most of the time, the 𝑘-nearest neigh-
borhood of a MWCNT(+) pixel is filled with mostly
MWCNT(–) pixels, until 𝑘 exceeds roughly 4% of the train-
ing sample. Thus, if the SAM cosine angle distance thresh-
old is raised enough to increase sensitivity, you are guar-
anteed a wave of false positives. Additionally, the QDA
stepwise model proved to be a consistently good performer
over the various data preprocessing methods tested. Also,
the results suggest that the average normalisation prepro-
cessing method is only advisable in the context of a flex-
ibly nonlinear classification model like SVM, as this pre-
processing step had deleterious effects on sensitivity when
paired with models which construct a linear (LR net) or
quadratic (QDA) classification boundary.
PCA and FPCA were also effective in reducing the

dimensionality of the problem when paired with the
supervised feature selection technique forward selection,
as implemented with the QDA model. The B-spline-
smoothed FPC and FPC-smoothed FPC QDAmodels used
just five and four variables, respectively, and the multi-
variate PC QDA models on untransformed and average
normalised data kept 3 and 10 variables, respectively. How-
ever, it should be noted that a supervised variable selection
procedure was essential to achieving reduced data
dimensionality without sacrificing classification accuracy.
For example, QDA forward selection on B-spline-
smoothed FPCs picked the 139th FPC as fourth most
important to the classification problem. If one selected
FPCs in an unsupervised manner, like using a scree plot
99% total sample variation cutoff, one would retain the
first eight FPCs, and then leave out the important 139th
FPC. Supervised feature selection techniques are thus
strongly preferred in this context, as it seems the infor-
mation important for classification may be contained in
any PC. This makes the QDAmodel advantageous: a QDA
model trains more quickly than the more complicated
SVM model, making costly supervised variable selection
techniques like forward-selection more feasible.
This work characterises the accuracy, sensitivity and

specificity of an ensemble of schemes for EDFM-HSI
pixel classification. We identify a few such schemes that
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discriminate between MWCNTs and background filter
media in filter-captured air samples with high accuracy.
Once trained, these classification schemes, which are com-
posed of data preprocessing and classification algorithms,
can be implemented automatically on large batches of
hyperspectral datacubes, without any attention from the
end user. Thus, if these methods were coupled with a sys-
tem that could automatically acquire a spatially random
sample of images from a filter sample, then users could
automate the time-consuming imaging and analysis pro-
cesses associated with screening filter-captured air sam-
ples for MWCNTs. Given the high accuracy of the under-
lying classification schemes, this autoscreening process
could be done with high sensitivity and specificity under
a suitable image sampling design. However, it should be
noted that the data presented here is based on idealised
filter-captured air samples, which by design were mini-
mally exposed to particles other than MWCNTs. This is
an important first step for such a systematic, rigorous
comparison of classification schemes, even though real-
world filter-captured air samples are likely loaded with
numerous particle species, including many that may not
be of experimental interest. The classification schemes
presented here are as yet unproven on these noisy, real-
world samples. In any case, in future work, these schemes
could be trained and tested as they are here, replacing the
MWCNT(–) pixel samples from filter media blanks with
MWCNT(–) pixel samples from real-world filter samples
acquired in labs where MWCNTs are definitely absent.
From a practical standpoint, using a classificationmodel

that produces false negatives due to its low sensitivity
would be worse than using a classification model that pro-
duces false positives due to its low specificity. In keeping
with the precautionary principle, it would be preferable
to overestimate potential worker exposure to ENMs – par-
ticularly in the absence of material-specific exposure lim-
its – than underestimating potential worker exposure. The
sensitivity and specificity of a classification model and the
potential for misclassification therefore have real-world
implications for worker health.

5 CONCLUSIONS

Here, we provide objective evaluation of signal processing
and classification algorithms for EDFM-HSI using MWC-
NTs as a test material. The methodology presented in this
study for training and testing models for hyperspectral
classification for HSI analysis of MWCNTs collected on fil-
ter media was successful in characterising the accuracy,
sensitivity, and specificity of a suite of classification mod-
els. The present study has identified several models capa-
ble of classifying pixels as MWCNT(+) or MWCNT(–) in

images of filter-captured air samples generated in the lab
with high specificity and sensitivity. The SVM and QDA
FPCA models performed equivalently well, and would
make great options in this modelling context. The data
reduction that was obtained with all four of the tested
QDA + forward selection models might make these algo-
rithms preferable; the untransformed multivariate PCA
and the FPC-smoothed FPC QDA models, for example,
used just three and four PCs, respectively, so that one can
nearly visualise the entire classification problem. Addi-
tionally, the FPCA preprocessing method proved to be a
useful tool for preprocessing hyperspectral data. In gen-
eral, the success of these models suggests that EDFM-HSI
may be reliably employed to assess filter-captured air sam-
ples taken from occupational environments for the pres-
ence of MWCNTs. Future work will further test the meth-
ods presented here on mixed-material filter samples used
to capture airborne nanomaterials from real-world work
environments.
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