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ABSTRACT: The global COVID-19 pandemic has changed many
aspects of daily lives. Wearing personal protective equipment,
especially respirators (face masks), has become common for both
the public and medical professionals, proving to be eﬀective in
preventing spread of the virus. Nevertheless, a detailed understanding of respirator ﬁltration-layer internal structures and their
physical conﬁgurations is lacking. Here, we report three-dimensional (3D) internal analysis of N95 ﬁltration layers via X-ray
tomography. Using deep learning methods, we uncover how the
distribution and diameters of ﬁbers within these layers directly
aﬀect contaminant particle ﬁltration. The average porosity of the
ﬁlter layers is found to be 89.1%. Contaminants are more
eﬃciently captured by denser ﬁber regions, with ﬁbers <1.8 μm in diameter being particularly eﬀective, presumably because of
the stronger electric ﬁeld gradient on smaller diameter ﬁbers. This study provides critical information for further development of
N95-type respirators that combine high eﬃciency with good breathability.
KEYWORDS: COVID-19, N95 respirator, particle distribution, face mask, deep learning, X-ray tomography
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the combined academic, government, and commercial science
community has focused major research eﬀort on uncovering
essential details of SARS-CoV-2 and COVID-19 in addition to
seeking vaccines and improved medical treatments.
Studies show that virus-containing aerosols can linger in the
air for many hours and travel more than 6 to 8 m.4−6 Thus, as
the pandemic developed, the importance of personal protective
equipment (PPE) increased, fueling worldwide demand for
N95 respirators, which ﬁlter out at least 95% of particles
around 0.3 μm in diameter (particle size with maximum ﬁlter
penetration, i.e., the transition from impaction-based capture
to diﬀusion-based capture). Equivalents of the United States
N95 designation include FFP2, P2, PFF2, KF94, KN95, and
DS/DL2 in the European Union, Australia/New Zealand,
Brazil, South Korea, China, and Japan, respectively; all ﬁlter at
least 94% or 95% of particles. Given the short supply of N95
respirators, disinfection methods for mask reuse as well as
alternative mask types have been actively studied.7−10 Most
countries mandate the wearing of respirators in public spaces.

he zoonotic severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) that causes COVID-19 has led to
a global pandemic, raising signiﬁcant societal challenges
worldwide in healthcare, economics, education, and governance, all as wealth disparities worsen. Many countries have
adopted moderate to drastic measures to prevent rapid spread
of the virus by mandating periods of quarantine, social
distancing, wearing of respirators, and recommending
improved general hygiene including frequent hand washing.
Despite such eﬀorts, thousands of new cases are diagnosed
worldwide each day, with rapid increases recorded whenever
lockdown orders are eased and schools and face-to-face
businesses reopen.
Human coronavirus (HCoV) infection can cause respiratory
diseases, with two major outbreaks in the recent past: severe
acute respiratory syndrome coronavirus (SARS-CoV) and
Middle East respiratory syndrome coronavirus (MERS-CoV).1
SARS-CoV-2 has similarities to the other HCoVs in size,
structure, and chemical properties, yet signiﬁcant portions of
this virus along with COVID-19 disease itself are poorly
understood, including critical details of transmission range,
periods of contagiousness, and mechanisms of infection.2,3 As
new symptoms and post-recovery conditions evolve, the
Centers for Disease Control and Prevention (CDC) and the
World Health Organization (WHO) have updated symptom
lists to inform the public. In this dynamic and urgent situation,
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respirators, the key component for providing high ﬁltration
eﬃciency, is usually made of polypropylene polymer ﬁbers,
which are shown in the SEM of Figure 1b.
We measured the 3D structure of the meltblown
polypropylene ﬁlter fabric layer of N95 respirators by XRM
(Carl Zeiss X-ray Microscopy Inc., Xradia Versa 520 and 810
Microscopes). A functional schematic of XRM is shown in
Figure 1c. XRM nondestructively images a wide range of
materials with varying degrees of densities, including “soft
materials,” such as polymers, which are typically damaged by
electron-beam irradiation during acquisition of scanningelectron micrographs; therefore, the materials often require
additional sample processing such as surface coatings or must
be imaged using a low-temperature process. In contrast, XRM,
in particular, X-ray computed tomography (XCT), provides
detailed geometrical and relative density information from a
volume measurement of the samples without damaging or
altering the internal structures. Multiple projection images are
the basis of 3D structural images reconstructed after drift
correction.
Unlike medical CT, materials-research-based XCT generally
acquires data as the sample stage rotates as shown in Figure 1c.
We used two XRM systems: the Xradia 520 (micro-XRM or
micro-CT) oﬀers a relatively large ﬁeld of view with pixel size
of 0.5−0.7 μm; the Xradia a 810 (nano-XRM or nano-CT)
provides high-resolution imaging with spatial resolution down
to 50 nm, similar to synchrotron X-ray spatial resolution.
Figure 1d is an exemplary 3D image of an N95 ﬁlter layer
measured by Xradia 520 and then reconstructed by
XMReconstructor (Carl Zeiss X-ray Microscopy Inc.).
Reconstructed X-ray images were processed by deep learning
algorithms as summarized by Figure 1e.
Deep learning (DL), a technique inspired by the human
nervous system and structurally mimicking the human brain,11
was used in this study to identify features in the tomography
images obtained from XRM. DL is a subset of machine
learning, which is a subﬁeld of artiﬁcial intelligence (Figure
S1a). DL is particularly important when traditional machine
learning fails to scale in “big data” applications (Figure S1b);
therefore, it is utilized in many everyday applications including
Google Translate, photo sorting in smart phones, medical
imaging, self-driving cars, and face and speech recognition.11,12
We exploit DL’s demonstrated image-recognition eﬃcacy by
implementing it via U-net convolutional neural networks for
the structural analysis of N95 ﬁlter fabric. U-net convolutional
neural networks are one of the popular DL architectures for
image processing. Originally developed for bioimaging
applications, the U-net network is a very eﬃcient imagesegmentation method that requires very few training
images.13−15 Image segmentation is the process of assigning
image data components to sets of groups, also called classes,
that have common properties.16 U-net architecture has proven
to be very appropriate for our 3D X-ray image segmentation:
each pixel can be separately classiﬁed rather than assigning the
entire output to a single class.
DL is particularly helpful to resolve adjacent features from
materials with low Z-contrast (similar atomic number): relative
to carbon and oxygen that comprise the polymer ﬁbers, the
contaminating NaCl particles used in this study have only
moderate Z-contrast. Quantitative analysis of the sample was
especially challenging as many particles are near or less than
the resolution limit of the XRM. With DL training, the models

Protection of ﬁrst responders and medical professionals is
understandably emphasized, as is, to varying degrees,
safeguarding teachers and workers with high risk from repeated
or prolonged exposure to large numbers of people.
The eﬃcacy of N95 respirators is usually measured by
overall ﬁltration eﬃciency for a deﬁned incident ﬂow of
particles carried by a stream of air forced through the ﬁltration
layers while the pressure diﬀerentials are measured. Nonetheless, neither the internal structures of these layers nor the
particle penetration and capture mechanisms have been well
studied. In this study, we used X-ray microscopy (XRM) to
nondestructively visualize, analyze, and understand the threedimensional internal conﬁgurations and adhesion of particles
to polymer ﬁbers inside N95 respirators. Such analysis is
critical to assess the eﬀectiveness of these respirators, which
were not originally studied and designed for protection from
HCoV viruses, including SARS-CoV-2. Artiﬁcial intelligence
(A.I.), speciﬁcally deep learning (DL), was used to segment
and analyze 3D data sets obtained by XRM to eﬃciently
evaluate the large volume of data, consisting of over a thousand
slices for each sample. We investigated key physical features of
N95 respirators, quantifying large data sets for porosity, ﬁber
distribution, and particle distribution in multiple samples
prepared by varying quantities of particle deposition.
Wearing respirators is one of the most eﬀective ways to
protect people from pathogen-related diseases including
COVID-19. Typical commercial respirators consist of multiple
layers to accommodate both good ﬁltration eﬃciency and
reasonable breathability, as shown in Figure 1a (SARS-CoV-2
image: by courtesy of the CDC/Alissa Eckert, MSMI, and Dan
Higgins, MAMS). The meltblown ﬁlter fabric in such

Figure 1. (a) Schematic images of wearing a respirator against SARSCoV-2 and multilayer of N95 respirators, (b) an SEM image of N95
ﬁlter fabric layer, (c) a simpliﬁed illustration of the X-ray microscope
(XRM), (d) an example of a 3D X-ray image of N95 ﬁlter fabric layer
obtained by XRM, and (e) data process ﬂow of 3D X-ray data sets
analyzed by deep learning techniques with input/output image
examples.
B
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Figure 2. (a) Reconstructed XRM image of N95 ﬁlter fabric layer. (b,c) Deep-learning-assisted image segmention of X-ray slices captured from 3D
XCT images; the yellow color indicates segmented polymer ﬁbers and the black background is empty space. (d,e) 3D perspective views of the ﬁlter
fabric layer; the gray image on the left is the reconstructed 3D X-ray tomographic image, and the yellow one on the right is a segmented 3D image
from deep learning models. Each grid box is 100 μm × 100 μm in size. (f) Porosity of single N95 meltblown ﬁlter fabric as a function of depth into
the layer. (g) Statistical distributions of ﬁber diameters of meltblown polypropylene ﬁbers within ﬁlters of N95 respirators measured from SEM.

various viewing angles. The left (gray) results are reconstructed
X-ray images and the right (yellow) ones are DL-segmented
images. A 3D video of DL-processed propylene ﬁlter layer is in
Movie 1.
N95 respirators consist of multiple layers to optimize
ﬁltration eﬃciency and breathability; the key ﬁltration layer
usually has meltblown polypropylene ﬁbers that are low cost,
chemically robust, and readily scaled to high-volume
manufacturing.17−19 The typical meltblown layer thickness
used in commercially available N95 respirators is about 200−
400 μm. The average layer thickness studied here is 345 μm
with porosity of the meltblown fabric of 78.5−99.8% as shown
in Figure 2f. Though most manufacturers use two or more
layers of meltblown ﬁlter fabric inside N95 respirators, we
studied a single layer of the ﬁlter fabric to analyze one layer’s
characteristics and understand the ﬁltration mechanism. The
ﬁbers, characterized by SEM and XRM, were found to be
randomly distributed in the meltblown ﬁlter fabric, as shown in
Figure 1b,d and Figure 2d,e. A randomized network is

distinguished key features and, with repeated training, enabled
extraction of quantitative details from large data sets.
Initially, reconstructed X-ray tomographic images were
processed by several deep-learning models, with U-Net
architecture being ultimately selected because it provides the
best feature recognition for our data sets. Training data were
collected through manual segmentation in representative local
areas at various locations throughout the data set. Training was
continued iteratively using an Adadelta optimization algorithm,
while monitoring model performance. Up to the point at which
the model showed good agreement with the original data sets,
iterative training and model modiﬁcation continued. After
training, all segmented image slices were visually inspected
before quantitative analysis was performed.
Figure 2a shows the reconstructed image, while Figure 2b,c
shows the DL-processed 2D images obtained from 3D X-ray
tomography. As training continues, the DL model recognizes
the ﬁber features more accurately. Figure 2d,e and Figure S2a−
d display 3D X-ray images of the ﬁlter fabric layers from
C
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Figure 3. Images of NaCl particle-decorated meltblown ﬁlter fabric: (a) reconstructed X-ray tomographic volume, (b) deep-learning-assisted
segmented particles only, (c) deep-learning-assisted segmented particles overlaid on reconstructed X-ray tomographic image, and (d) deeplearning-assisted segmented particles on deep-learning-assisted segmented fabric ﬁbers; blue color in (b), (c), and (d) indicates NaCl particles. (e)
Porosity of the ﬁlter fabric and (f) areal occupancies of ﬁbers and NaCl particles vs depth into the meltblown layer. NaCl mass loading was 1.02
mg/cm2.

favorable for eﬀective ﬁltration compared with aligned or
regular structures that could include facile channeling ﬂowthrough paths for droplets or aerosols. The distributionweighted average ﬁber diameter measured from SEM images is
4.2 ± 3.9 μm, as seen in Figure 2g.
Sodium chloride (NaCl) particle-decorated N95 meltblown
fabric was tested for ﬁltration eﬃciency and internal
contaminant capture morphology and mechanism; Figure
3a−d shows NaCl particle-decorated fabric morphology
acquired by micro-XRM and the segmented results obtained
by DL models. A 3D video of DL-processed NaCl particledecorated polypropylene ﬁlter layer is in Movie 2. The count
median diameter of NaCl particles used in this study is 75 ±
20 nm, which is similar to virus particle sizes. The mass loading
of NaCl particles in the sample was 1.02 mg/cm2. Not
surprisingly, Figure 3 reveals that particles accumulate more on
the outer surface, upon which they are ﬁrst incident, than on
the innermost surface, closest to the wearer’s face. The overall
porosity of the NaCl particle-decorated ﬁlter layer is reduced
to the range of 75.2−99.8% (average: 87.3%) from its value
prior to particle deposition of 78.5−99.8% (average: 89.1%).
NaCl particle loading uniformity was also characterized as a
function of depth into the ﬁltration layer for three massloading conditions: 0.17, 0.51, and 1.02 mg/cm2 (Figure S4(af)).

In addition to the loading-dependent concentration gradient
of contaminants across the depth of the ﬁlter layer, the second
factor that signiﬁcantly aﬀects contaminant particle concentration distribution is uniformity of ﬁber distribution. While
the meltblown fabric has (pseudo-) random networks, there
exists in-plane and out-of-plane nonuniformity throughout the
depth, resulting in contaminant distribution variations as dense
areas catch particles more eﬃciently. The red curves in Figure
3f and Figure S4b,d, f indicate the areal occupancy of the ﬁbers
as a function of depth into the fabric layer; the black curves
indicate the particle areal densities. (An aerial occupancy of
100% corresponds to no voids between ﬁbers or particles at a
given depth into the ﬁlter; the total area analyzed was 100 cm2
of fabric.) Figure 3f and Figure S4b,d,f show that the trend of
the particle occupancy (black curves) follows that of the ﬁber
density (red curves). In other words, more particles can be
captured in denser ﬁber areas. Also, it is likely that
nonuniformity may be caused by dendritic particle accumulation, i.e., particles “piling up” on those previously captured. In
addition, particle buildup at a given depth is inﬂuenced by the
preceding ﬁber density along the particles’ paths, creating
complex dynamics that may aﬀect each particle’s deposition
location.
Filtration eﬃciency tests used the Automated Filter Tester
8130A (TSI, Inc.) with 85 L/min ﬂow rate and NaCl solution
D
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Figure 4. (a,b) High-resolution nano-XRM images of several ﬁbers with NaCl particles adhered show more captured particles per unit length as
ﬁber diameter decreases. (c) An SEM image of polypropylene meltblown fabric with adherent NaCl particles. (d) Filtration eﬃciency graph of the
meltblown fabric as a function of the deposited mass density of NaCl particles. (e) Dependence of measured particle capture area per unit ﬁber area
on ﬁber diameter.

provide the greatest ﬁltration eﬀect. Interestingly, NaCl
particles accumulate more on the thinnest ﬁbers (observed
consistently by both SEM and XRM). The XRM images of
several isolated ﬁbers in Figure 4a,b and SEM image in Figure
4c clearly demonstrate this phenomenon: DL-assisted analysis
of 3D XRM tomographic images shows that the eﬀect persists
throughout the thickness of the ﬁltration layer. Quantiﬁcation
of captured particle area per ﬁber area, Figure 4e, shows that
ﬁbers <1.8 μm in diameter are signiﬁcantly more eﬀective at
particle capture than larger ﬁbers. This may stem from the
magnitude of the electric ﬁeld gradient associated with the
static charge, which is generated by the corona discharge
process step, utilized by most manufacturers to increase
particle capture eﬃciency. The better the capture eﬃciency,
particularly if it is associated with small ﬁber diameters, the
better breathability can be for a given overall ﬁltration
eﬃciency. Further aspects of the corona discharge mechanism
are explained in previous studies; the mechanistic details of
particle capture as a function of ﬁber type and diameter are
under active investigation.20−24
In summary, we used X-ray microscopy to shed light on the
3D microstructure and morphology of N95 respirator ﬁltration
layers, and to understand the adhesion distribution of
contaminant particles to polymer ﬁbers. This analysis will aid
evaluations of the eﬃcacy of respirators against a variety of
contaminants, including SARS-CoV-2. Deep-learning algorithms were proven to be essential to segment and analyze a
large number of 3D tomography data sets through trained
models. Fiber diameters, density distributions, and overall
fabric porosity were characterized, as were particle distributions in various samples prepared with diﬀerent amounts of
particle deposition. We found that the ﬁber diameter plays a
crucial role, with capture eﬃciency drastically improved for

(2 wt % in water) to generate aerosol particles. The
experimental conﬁguration leads to the complete evaporation
of water from each aerosol droplet before it reaches the
respirator, such that solid NaCl particles with 0.26 μm median
diameter are incident on the material being tested. Each
sample was cut to approximately 15 cm × 15 cm. This process,
including use of NaCl particles, is the standard testing protocol
for N95 respirators for certiﬁcation and assessment by CDC’s
National Institute for Occupational Safety and Health
(NIOSH). The loading-and-eﬃciency test was done using a
single meltblown fabric ﬁlter layer, even though N95
respirators usually include two or more layers depending on
the manufacturer and intended application(s). The additional
layers are often made of diﬀerent materials that provide
moisture-repellency, preventing transmission of large droplets
and aerosols.
Dependence of the particle capture eﬃciency on total
particle loading was investigated to understand the eﬃciency
changes during ﬁltration. Figure 4d reveals that meltblown
layer particle capture eﬃciency starts at close to the expected
92.6% but decreases to a minimum of ∼71.3% at ∼0.183 mg/
cm2 of loading; this may result from the decay or neutralization
of electrostatic charge initially present on the ﬁlter layer. As
NaCl particle loading proceeds further, capture eﬃciency
increases, reaching ∼99.5% at loading of ∼0.60 mg/cm2, likely
because the accumulated particles start to block voids between
ﬁbers. While better ﬁltration eﬃciency is desirable, blocking
ﬁlter voids hampers air permeability, directly related to user
breathability. The balance and trade-oﬀ of ﬁltration eﬃciency
and respirator breathability are critical for eﬃcient respirator
design while protecting the wearer’s health.
The diameter distribution in the meltblown polypropylene
layer in Figure 2g raises the question of which ﬁber size would
E
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ﬁbers <1.8 μm in diameter, likely related to the electric ﬁeld
gradient. We also observed that ﬁber distribution directly
aﬀects contaminant-capture eﬃciency: dense ﬁber areas trap
more particles. We conclude that appropriate design of ﬁber
density gradients in combination with well-chosen ﬁber
diameter distributions can, in future N95 respirators, lead to
high particle-capture eﬃciencies without sacriﬁcing good
breathability over a larger total particle loading range relative
to current ﬁlter characteristics.
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■

METHODS
Sample Preparation. TM95 meltblown fabric (Guangdong Meltblown Technology Co. Ltd.) samples were used for
ﬁltration testing. Each sample was cut to approximately 15 cm
× 15 cm.
SEM Analysis. Scanning electron microscope images were
taken using a Phenom Pro SEM and Thermoﬁsher Helios at 10
kV.
X-ray Microscope Analysis. Zeiss Xradia 520 and Zeiss
Xradia Ultra 810 X-ray Microscopes (XRMs) (Carl Zeiss X-ray
Microscopy Inc., Pleasanton, CA) were used to obtain X-ray
tomographic images and ORS Dragonﬂy software (version 4.1
and 2020.1) and ImageJ25 software were used for the data
analysis. Deep Learning Module in Dragonﬂy software26,27 was
used for image segmentation via 15−20 slices for training each
data set. Data augmentation of factor 10 with rotation,
horizontal and vertical ﬂipping, shearing (of 2 degrees) and
scaling (0.9 to 1.1) was implemented to reduce the processing
time. Dice loss and AdaDelta optimization method were used
to train images.
Fiber and particle occupancy results were quantiﬁed by fulldepth 3D ﬁlter fabric data collected using the Zeiss Xradia 520
system. Particle adhesion dependence on ﬁber diameter was
conﬁrmed by the data obtained from the Zeiss Xradia Ultra
810 system. Reconstruction was performed using commercial
software package XMReconstructor (version 14.0.1, Carl Zeiss
X-ray Microscopy Inc., Pleasanton, CA).
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3D videos of DL-processed polypropylene ﬁlter layers with and
without NaCl particles. High-resolution videos are available
upon request.
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