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ABSTRACT Objective: This study addressed the problem of objectively detecting leaks in P2 respirators
at point of use, an essential component for healthcare workers’ protection. To achieve this, we explored the
use of infra-red (IR) imaging combined with machine learning algorithms on the thermal gradient across the
respirator during inhalation. Results: The study achieved high accuracy in predicting pass or fail outcomes
of quantitative fit tests for flat-fold P2 FFRs. The IR imaging methods surpassed the limitations of self
fit-checking. Conclusions: The integration of machine learning and IR imaging on the respirator itself demon-
strates promise as a more reliable alternative for ensuring the proper fit of P2 respirators. This innovative
approach opens new avenues for technology application in occupational hygiene and emphasizes the need
for further validation across diverse respirator styles. Significance Statement: Our novel approach leveraging
infra-red imaging and machine learning to detect P2 respirator leaks represents a critical advancement in
occupational safety and healthcare workers’ protection.

INDEX TERMS Infra-red imaging, machine learning, occupational hygiene, P2 respirators, respirator leak
detection.

IMPACT STATEMENT This study reveals high accuracy in detecting P2 respirator leaks through infra-red
imaging and machine learning, offering a more reliable alternative to traditional fit-check methods.

I. INTRODUCTION
As the COVID-19 pandemic continues to persist into its fourth
year, with what now appears to yet another new wave of infec-
tion in the U.K. and USA as of August of 2023, the protection
of healthcare workers and the patients they care for remains
a critical concern [1], [2], [3]. Central to this protection is the
use of P2 filtering facepiece respirators (FFRs), which provide
a crucial barrier against viral particles [4], [5], [6], [7]. How-
ever, ensuring a proper fit of these masks is often challenging,
with leaks posing a significant risk to users [8], [9], [10].

To ensure that healthcare workers are appropriately trained
and have selected the correct design/size of respirator to
fit their specific facial topology without leaks, a respiratory
protection program that includes fit-testing and training is
mandatory [5], [6], [7], [11]. However, a formal fit-test is
only taken annually, and in the year between sessions workers

are required to self-assess the suitability of their respirator by
performing a user fit-check to assesses for air leak each time
a respirator is worn. Multiple studies have shown that user
fit-checks are inaccurate and unreliable in up to 54% of users
[12], [13], [14], [15].

In an ideal world, healthcare workers should know the ef-
ficacy of fit of their respirator in real time, via objective mea-
sures to inform them of their level of protection when work-
ing in high-risk environments. Past research has attempted
to harness the power of infrared (IR) imaging and machine
learning to detect respirator leaks, with mixed success [16],
[17], [18]. These studies encountered issues such as overfitting
and low accuracy, largely due to data scarcity and limitations
in their methodologies. Nevertheless, the promise of these
technologies to advance respirator fit-testing suggests further
investigation is warranted.
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In this context, our study aims to build on previous work by
using IR imaging and a selection of machine learning models
to predict the fit-test result of P2 respirators, removing the
need for expert classification when detecting leak. We aim
to investigate whether machine learning models can accu-
rately predict a pass or fail result based on IR imaging alone
when validated against gold standard quantitative fit-testing
methods. Our objective was to train and validate multiple
machine learning models, and test their accuracy on unseen
data, to provide a robust and reliable method for predicting
respirator fit-test results. By doing so, we aim to contribute
to the broader efforts to enhance the safety and protection of
healthcare workers in this challenging pandemic context.

Hypothesis: That a machine learning algorithm can be
found that can be used to predict the pass or failure of a P2
FFR from thermal imaging better than that of self-fit-check.

II. MATERIALS AND METHODS
The methodology for this study is outlined in the following
sections. Part 1 describes how we collected infra-red imaging
data and correlated these images with fit-test results. Part 2
describes the data preparation and processing steps that were
required prior to applying the machine learning algorithms.

A. PART 1 – DATA COLLECTION
1) PARTICIPANTS
The study population consisted of healthcare workers from a
medium-sized (∼1500 employee) community care organisa-
tion in suburban Southern Adelaide.

The organisation was prepared for COVID-19 outbreaks
following guidance of the Australian Government Infection
Control Expert Group, including a respiratory protection pro-
gram. In this respiratory protection program, workers attended
a structured clinic where quantitative P2 FFR fit-testing was
performed to select and evaluate the appropriate size and style
respirator for the individual.

Participants were invited to join the study at the beginning
of their visit to the clinic by the occupational hygienist/nurse.

Inclusion criteria included employees required to undertake
quantitative fit testing as part of routine respiratory protec-
tion program. Exclusion criteria were those who wore beard
greater than 2 mm.

The study was conducted in accordance with the princi-
ples of the Declaration of Helsinki and was approved by the
SALHN Human Research Ethics Committee (SALHN HREC
2021/GEM00074). Participants provided informed consent
before enrolment.

2) SELECTION OF P2 FILTERING FACEPIECE RESPIRATOR
P2 FFR’s used for this study were taken from the current
supply chain within the institution with four different sizes
available at the time of fit-testing clinic. All respirators were
flat-fold design with ear-loops that comes with a ‘clip’ that is
used to tether the loops together on the head for additional fix-
ation support. The use of the ‘clip’ that is provided with these
respirators is required by the manufacturer in accordance with

their regulatory certification (Therapeutic Goods Administra-
tion, Australia). It must be noted that not all respirators with
ear-loops are supplied with this ‘clip’, and this is a particular
feature of the respirators used in this study.

To select the first respirator to test, the occupational hy-
gienist made a visual assessment of the participants facial
features (nason-menton length, and bi-zygomatic width) ac-
cording with standard process for this role.

3) FIT TESTING
During the visit to the clinic, fit testing was conducted to
assess the adequacy of P2 FFRs in preventing the ingress of
microscopic particles like COVID19 virus by a trained and
experienced occupational hygienist. The fit testing clinic is re-
quired under that Australian Standard to assess the suitability
of a respirator for an individual [3].

Quantitative fit-testing was conducted using a PortaCount
8048 device in N95 mode (TSI Inc, Shoreview, USA). In N95
mode, the PortaCount measures the concentration of micro-
scopic, aerosolized particles (40 nm–60 nm) in the ambient air
and compares it to the concentration of particles that leak into
the FFR through gaps between the face and the FFR while it is
worn (rather than through the filter medium of the FFR). For
each fit test conducted in this study, the “Modified Ambient
Aerosol CNC Quantitative Fit Testing Protocol for Filtering
Facepiece Respirators” was selected, whereby participants are
required to: bend at the waist as if going to touch toes for
30 seconds, talk out lout slowly and loud enough so as to be
heard by a test conductor for 30 seconds, stand in place and
turn head side to side for 30 seconds and finally stand in place
and move head up and down for 30 seconds.

The occupational hygienist then conducted the fit test and
recorded the overall result (pass/fail) and the overall fit factor
achieved. A fit factor of 100 was used as the pass/fail threshold
for the study.

4) INFRA-RED IMAGING
Infra-red imaging was performed using commercially avail-
able camera built for iPhone/iPad (Flir One Gen 3 -iOS, FLIR
Systems Inc, Oregon USA). This camera has a thermal reso-
lution of 160 × 120 pixels, and thermal sensitivity of 60 mK.
For this study, the IR camera was attached to a tablet (iPad (8th
Generation, Apple Inc, Cupertino, USA) with the accompa-
nying software app installed (FLIR ONE, FLIR Systems Inc,
Oregon USA).

The thermal camera was turned on and allowed to self-
calibrate prior to any images taken. Using a floor-mounted
stand, the tablet and thermal camera was manipulated into po-
sition by the hygienist to position it in front of the participant’s
face at a distance between 40 cm–60 cm [Fig. 1]. Immediately
prior to commencing a fit-test with an individual (ie after tubes
connected, PortaCount system prepared and the participant
had donned their chosen respirator according to instruction),
the hygienist used the FLIR ONE app to record an image
of the respirator on end-inspiration. Images were saved to
the tablet’s internal memory and given a unique identification
number for cross-referencing fit-test results on analysis.
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FIGURE 1. Infra-red setup for data collection showing key components
and positioning.

FIGURE 2. Processing of FLIR image to thermal using ImageJ.

B. PART 2 – DATA PREPARATION AND ANALYSIS USING ML
1) THERMAL IMAGE DATA PRE-PROCESSING
Native infra-red images were exported from the study tablet
to a study PC with software packages ImageJ (Rasband, W.S.,
ImageJ, U. S. National Institutes of Health, Bethesda, Mary-
land, USA) with loaded function for processing FLIR images
(Glenn J. Tattersall. (2019). ThermImageJ: Thermal Image
Functions and Macros for ImageJ) and computational pro-
gramming language (Matlab 2022a, Matlab Inc, USA). All
FLIR images were imported to imageJ in native .jpg format
and converted to thermal .tiff format for analysis in Matlab
[Fig. 2]. In Matlab, thermal images were separated into sep-
arate folders for ‘pass’ and ‘fail’ categories according to the
results of the corresponding quantitative fit-test.

2) REGION OF INTEREST
A suite of custom Matlab scripts where used to create semi-
automated region of interests (ROI’s) within the thermal im-
ages around the boundary of the respirator on the nose and
cheeks (where majority of leaks occur in P2 FFR’s) [17]. To
achieve this, images were displayed on the computer screen

FIGURE 3. Process of making the ROI for analysis.

FIGURE 4. Implementation of the ML model on mask fringe region of
interest.

and an experienced occupational hygienist was instructed
to trace around the upper boundary of the respirator to the
zygomatic roll-off location, and then close the ROI making
an approximately 2cm wide strip across the cheeks and nose
[Fig. 3 , Panel A]. To control the creation of this ROI as far as
possible, the ‘AssistedFreehand’ function was used in Matlab
to automatically follows edges in the underlying image. As
the morphology of each ROI is determined by underlying
facial geometry and not standardised, we used a normalization
process to map the upper edge of the ROI to a vertical line
to normalise the morphology of the images as far as possible
[Fig. 3, Panel C].

3) FEATURE EXTRACTION
For each normalized ROI, image feature extraction was com-
pleted using grey-level co-occurrence matrix analysis [18]. In
short, a gray-level co-occurrence matrix (GLCM) is a statis-
tical representation of the spatial relationships between pixel
intensities in an image. It quantifies the occurrence of pairs
of pixel values at specified distances and angles, providing
information about texture, patterns, and relationships within
an image. In the context of detecting air leak from the P2
FFR, the spatial relationships between pixel intensities (i.e.,
thermal gradient) permit the quantitative detection of distinct
temperature changes along the respirator’s boundary, which
could signal a leak.

For each ROI, we extracted 8 GLCM features; Contrast,
Energy (or Angular Second Moment), Homogeneity, Corre-
lation, Entropy, Dissimilarity, Autocorrelation (ASM), based
on their consistent use and proven efficacy in texture pat-
tern variations in prior research. It is worth noting that the
GLCM method can generate a larger set of features, yet we
focussed on eight to reduce the issues related to issues re-
lating to dimensionality, reducing potential overfitting and
computational costs, and enhancing the interpretability of our
model.
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FIGURE 5. Confusion matrix for PPV for sub-selected ML models (accuracy > 80%).

FIGURE 6. Receiver operator characteristic for 6 selected models showing strong predictive ability to determine fit-test pass and fail based on IR image
ROI features.

4) MACHINE LEARNING FOR LEAK DETECTION
CLASSIFICATION
Machine learning (ML) techniques were implemented to
classify respirators as either ‘passing’ or ‘failing’ based on
quantitative fit test result. A comprehensive ML pipeline
was developed, encompassing data pre-processing, model
selection, training, performance evaluation, and deployment,
all within a graphical computing environment (Classification
Learner, Matlab) (Fig. 4).

5) PRELIMINARY ASSESSMENT FOR MODEL SELECTION
A wide variety of algorithms were deployed to identify can-
didates that provide high accuracy in classifying respirator IR
image as either ‘pass’ or ‘fail’. The data matrix of 8 GLMC
features were divided using an 80%/20% partition for training
and testing. This stratified partitioning guarantees the model’s
performance evaluation would be conducted on a separate set
of data not used during the model training, providing a more
objective measure of its predictive capabilities. An array of
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FIGURE 7. Literature review and meta analysis of articles reporting accuracy of self-fit-check when measured with quantitative fit-testing.

22 models were trained and tested including Decision Trees,
Support Vector Machines (SVM), Ensemble Methods (such
as Bagged Trees, Boosted Trees, Random Forests, and Gentle
Boost), Discriminant Analysis techniques (Linear, Quadratic,
Regularized), Nearest Neighbours (k-NN), Naive Bayes, Gen-
eralized Linear Models (GLM, including Logistic Regres-
sion, Poisson Regression, Gaussian Regression), Deep Learn-
ing (Neural Networks), Gaussian Process, Hidden Markov
Model (HMM), K-Means Clustering, and Self-Organizing
Map (SOM). Models were evaluated using cross-validation
with k-folds on 80% of the dataset, with 20% of the dataset
reserved as an unseen test set. For all 22 models, the validation
accuracy and validation total cost was reported in table form.

6) MODEL SUB-SELECTION
To further evaluate model performance and generalizability,
we selected the best performing model from each of model
type: Decision Tree, Discriminant, Logistic Regression, Naïve
Bayes, Support Vector Machines, Nearest Neighbour, Kernel
Approximation, Ensemble Classifiers and Neural Network
Classifiers.

Learning curves were used to evaluate the performance of
well performing models with the augmented combined with
original dataset and divided into training and validation sets
using k-fold cross-validation. The training error and validation
error were calculated for each iteration, where the size of the
training set increased incrementally. The learning curves were
plotted to visualize the change in error with increasing training
examples. Learning curves were inspected to assess average
model error over the folds, providing insights into the model’s
ability to generalize as the training set size varies.

III. RESULTS
A total of 48 participants (75% female) were recruited with
thermal image taken during end inspiration while wearing
their professionally selected P2 FFR. There 27 PortaCount

failures and 21 passes. All IR images passed visual inspection
for suitability (screening for out of focus images, objects ob-
scuring (ie hair) the respirator). All participants wore the same
style of flat-fold P2 FFR (D95, Detmold Medical, Adelaide,
Australia).

A. IMAGE PROCESSING
All 48 thermal images were converted to .tiff file format con-
taining only per-pixel temperature values and exported using
ImageJ for custom processing [Fig. 2].

Region of interest (ROI) windows were made and exported
for all images, with all final ROI data flattened to a rectangular
window of 60 × 138 pixels [Fig. 3]. Data augmentation was
performed on all rectangular ROI images [Fig. 3, Panel C] by
flipping along the short axis extending the dataset size to 96
images.

GLCM features were extracted for each dataset using the
following parameters:
� Offset of: 10 × 2 pixels
� Number of Levels = 50

1) PRELIMINARY ASSESSMENT
Twenty two machine learning models were investigated using
the full augmented dataset of 96 cases each with 8 GLCM
features and classified as ‘pass’ or ‘fail’ according to the
quantitative fit test result obtained during fit testing.

With 100% of the dataset used for model validation with 5
layer k-fold cross-validation, the highest accuracy was found
to be with the Ensemble (Bagged Trees) model, with an ac-
curacy of 90.5% at a cost of 17 and the lowest accuracy was
found with Ensemble (Boosted Trees) model, with accuracy
of 56.8% at a cost of 32.

The 6 Top performing models were selected for extended
analysis of generalizability and accuracy.

To investigate the generalisability of the models, training
was performed again on these select 6 with data partitioned at
90% for training and 10% as un-seen test data (Table 1).
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TABLE 1. Top 6 Performing Models All Demonstrated an Accuracy of
Greater Than 80% With a Cost No Greater Than 13 When the Models Were
Trained on 100% of the Dataset, and Evaluated With 5 Levels of K-Fold
Cross Verification

TABLE 2. Accuracy and Cost of Models Used

By testing the models on an unseen dataset reduces the
likelihood of overfitting to the data (Table 2). Based on these
results, four of the models returned 100% accuracy of pre-
dicting if a participant would fail a PortaCount fit test; SVM,
KNN, Ensemble Bagged Trees, and Bilayered Neural Net-
work. From these data, the Ensemble RUSBoosted Tree was
overfitting in the validation data and resulted in only 55.5%
accuracy on the unseen data. Similarly, the Fine Tree model
returned only 77.8% accuracy on the unseen data, compared to
83% in the validation. Of note, the total validation cost of both
the Ensemble RUSBoosted Tree and the Fine Tree were higher
than the other models, at with a cost of 20 and 14 respectively
(Figs. 5 and 6). Of note, the total cost of the test data was
highest in these two models, at 4 and 2 respectively, whereas
the cost of all other models was 0 (Table 2).

IV. DISCUSSION
We have conducted a thorough investigation in to the utility of
using machine learning classification algorithms to predict the
binary fit-test result of P2 FFR wearing healthcare workers.

Key findings of this study:
1) Machine learning algorithms are able predict whether a

P2 respirator passes or fails a quantitative fit test when
using the Detmold D95 Flat-fold respirator.

2) Multiple machine learning algorithms return very high
accuracy with cross validation for predicting pass or fail
quantitative fit test.

3) SVM, KNN, Neural Networks and Ensemble Bagged
Trees were able to predict fit-test result with 100% ac-
curacy when tested on unseen data.

A. COMPARISON TO PRIOR LITERATURE
The gold standard for point-of-care respirator assessment is
the self fit-check where a user is required to evaluate if
the respirator they are wearing leaks by a series of blowing
out and feeling for air flow with their hands, and assessing
pressure changes behind their respirator [19]. Fit-checking
however, has been shown to be inaccurate [12], [13], [15],
[20], [21], [22], [23]. Due to the number of studies report-
ing the accuracy of fit-check, we conducted a rapid literature
review and meta analysis to determine the pooled accuracy
of fit-checking compared to the gold-standard quantitative
fit-testing. A total 34 results were returned using keyword
searching in PubMed (((((Accuracy) OR (performance) OR
(Sensitivity))) AND ((N95 respirator) OR ("N95 mask") OR
(n95 masks) OR (N95 Respirator))) AND (((fit check) OR
(fit-check)) OR ("fit check")). Full text was retrieved for 9
articles based on abstract data meeting inclusion criteria (re-
porting on fit-check and PortaCount testing). After review of
full text, further 4 studies were excluded due to inadequacy of
data presented (not presented as proportion of participants. 5
studies met the inclusion criteria of reporting the proportion
of participants that passed user fit-check but went on to fail
quantitative fit testing. In this meta-analysis results of 5 stud-
ies investigating the proportion of participants who believed
that their N95 Filtering Facepiece Respirators (FFR) was not
leaking when tested using a user seal check but subsequently
failed a PortaCount fit test. The results show considerable
heterogeneity across studies, suggesting that differences in
study conditions or populations may influence the outcomes.
The random effects model, which accounts for this variability,
estimates the average proportion of those who pass the user
seal check but fail the PortaCount fit test to be approximately
24.03% (Fig. 7). This suggests that roughly a quarter of users
who believe their N95 FFR is properly fitted could be wearing
a respirator with leak, emphasizing the limits of user self-
checks for N95 FFR fit.

Other groups have reported on infrared imaging to pre-
dict respirator leak, however with varied success. In 2011,
Roberge et al reported the first use of infra-red imaging for
leak detection on N95 FFR’s [18]. In this comprehensive
study, they authors were able to detect leaks using IR which
correlated with quantitative fit-testing (p< 0.001), and they
even reported on observed leaks with IR when the subject
achieved a resounding pass (fit factor >200) on quantitative
fit testings. These authors suggested that IR may be more
sensitive to leaks than quantitative test, yet the authors had no
methods to verify their findings, yet overall, the authors were
not confident that their methods were substantially reproduce-
able en-masse to supplant condensation nuclei counters.
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In 2015, Harber et al re-visited the potential for infra-red
imaging to detect respirator leak [16]. Building on work by
Roberge et al, these authors used video imaging of tidal respi-
ration while holding the head fixed in a gig to allow for their
image analysis techniques that were sensitive to motion. In
this study, IR was again able to detect leak, however even wit
these advanced methods, the ability to provide a continuous
variable to match that of condensation nuclei counting meth-
ods was not reliable.

Then in 2022, during COVID pandemic, Siah et al reported
on the use of modern machine learning algorithms to predict
respirator leak from infra-red images [17]. Armed with a state
of the art high resolution infra-red camera, multiple images
were taken of N95 FFR’s of participants who had failed
fit testing (qualitative). Images were cropped, reshaped and
augmented and processed by a convolution neural network
(CNN). It was found that with their CNN, accuracy of between
20%–30% (dependent on camera angles) was achieved. How-
ever, the authors conclude that overfitting was a possibility
due to the small size of their dataset.

Our study, using single-frame IR images with simultaneous
quantitative fit test results was able to train multiple machine
learning algorithms to predict quantitative fit test pass or fail-
ure with very high accuracy which cross validated and then
tested on un-seen data. Our study builds on the work of these
previous pioneers in the field if infra-red imaging for leak
detection, yet with the fortunate timing of technology con-
vergence of computer vision and machine learning to remove
the barriers that existed for previous groups. Furthermore, in
contrast to our peers, we observed the thermal gradient in the
respirator itself and not the surrounding skin, which has been
reported to be insensitive to small temperature changes like
those where a small leak is present.

V. CONCLUSION
In this study, we successfully employed infra-red (IR) imaging
and machine learning to detect leaks in P2 respirators, over-
coming the limitations of traditional self fit-checking meth-
ods. Our technique, which focuses on the thermal gradients of
the respirator, demonstrated high accuracy, suggesting a novel
and more reliable method for leak detection compared to skin
gradient measures used by others in the past.

These findings have substantial implications for enhancing
healthcare worker safety, and has promise to provide an objec-
tive point-of-use leak detection system for high risk workers.
While our study was specific to flat-fold P2 FFRs, these re-
sults lay groundwork for broader investigation across various
respirator types and populations.

REFERENCES
[1] COVID Data Tracker, “Atlanta, GA: U.S, Department of Health and

Human Services, CDC, Centers for Disease Control and Prevention
2023,” Accessed: Aug. 07, 2023. [Online]. Available: https://covid.cdc.
gov/covid-data-tracker

[2] C. Pagel, “Covid is on the rise again—So what next?,” Brit. Med. J.,
vol. 382, 2023, Art. no. 1885.

[3] Times TNY, U.S. COVID Case. New York, NY, USA: Times TNY,
2023.

[4] C. R. MacIntyre et al., “A cluster randomized clinical trial comparing
fit-tested and non-fit-tested N95 respirators to medical masks to prevent
respiratory virus infection in health care workers,” Influenza Other
Respir. Viruses, vol. 5, pp. 170–179, 2011.

[5] Australia Standards, “Selection, use and maintenance of respiratory
protective equipment,” AS/NZS, Tech . Rep. 1715-2009, 2009.

[6] Department_of_Health_And_Aged_Care, “Guidance on the use of per-
sonal protective equipment (PPE) for health care workers in the context
of covid19,” in Care DoHAA. Barton, ACT, Australia: Australian Gov-
ernment, 2022.

[7] L. USDo, Occupational Safety and Health Standards Personal Pro-
tective Equipment. Washington, DC, USA: Occupational Safety and
Health Administration, 2019.

[8] D. Chapman, L. Hodgson, and A. Ganesan, “Quantitative respirator
fit tests for P2/N95 in Australian general practice,” Anaesth. Intensive
Care, vol. 49, pp. 404–411, 2021.

[9] I. J. Wilkinson, D. Pisaniello, J. Ahmad, and S. Edwards, “Evaluation
of a large-scale quantitative respirator-fit testing program for healthcare
workers: Survey results,” Infection Control Hosp. Epidemiol., vol. 31,
pp. 918–925, 2010.

[10] I. Ng, B. Kave, F. Begg, C. R. Bodas, R. Segal, and D. Williams, “N95
respirators: Quantitative fit test pass rates and usability and comfort
assessment by health care workers,” Med. J. Aust., vol. 217, pp. 88–93,
2022.

[11] Australian_Government_Infection_Control_Expert_Group,
“PPE_use_-_high_risk_covid_transmission_-_aged_care,” Australian
commission on safety and quality in health Care, 2021. [Online]. Avail-
able: https://www.safetyandquality.gov.au/sites/default/files/2021-08/
poster_-_ppe_use_-_high_risk_covid_transmission_-_aged_care.pdf

[12] S. C. Lam, J. K. Lee, S. Y. Yau, and C. Y. Charm, “Sensitivity and speci-
ficity of the user-seal-check in determining the fit of N95 respirators,”
J. Hosp. Infection, vol. 77, pp. 252–256, 2011.

[13] Y. J. Huh et al., “Fit characteristics of N95 filtering facepiece respirators
and the accuracy of the user seal check among Koreans,” Infection
Control Hosp. Epidemiol., vol. 39, pp. 104–107, 2018.

[14] Q. Danyluk et al., “Health care workers and respiratory protection: Is
the user seal check a surrogate for respirator fit-testing?,” J. Occup.
Environ. Hyg., vol. 8, pp. 267–270, 2011.

[15] D. J. Viscusi, M. S. Bergman, Z. Zhuang, and R. E. Shaffer, “Evaluation
of the benefit of the user seal check on N95 filtering facepiece respirator
fit,” J. Occup. Environ. Hyg., vol. 9, pp. 408–416, 2012.

[16] P. Harber, J. Su, A. D. Badilla, R. Rahimian, and K. R. Lansey,
“Potential role of infrared imaging for detecting facial seal leaks in
filtering facepiece respirator users,” J. Occup. Environ. Hyg., vol. 12,
pp. 369–375, 2015.

[17] C. R. Siah, S. T. Lau, S. S. Tng, and C. H. M. Chua, “Using infrared
imaging and deep learning in fit-checking of respiratory protective de-
vices among healthcare professionals,” J. Nurs. Scholarship, vol. 54,
pp. 345–354, 2022.

[18] R. J. Roberge, W. D. Monaghan, A. J. Palmiero, R. Shaffer, and
M. S. Bergman, “Infrared imaging for leak detection of N95 filter-
ing facepiece respirators: A pilot study,” Amer. J. Ind. Med., vol. 54,
pp. 628–636, 2011.

[19] Expert IPaC, Group, “Guidance on the use of personal protective
equipment (PPE) for health workers in the context of COVID-19,”
Department_of_health_and_aged_care, Dec. 14, 2022. [Online].
Available: https://www.health.gov.au/resources/publications/guidance-
on-the-use-of-personal-protective-equipment-ppe-for-health-
workers-in-the-context-of-covid-19

[20] J. L. Derrick, Y. F. Chan, C. D. Gomersall, and S. F. Lui, “Predictive
value of the user seal check in determining half-face respirator fit,” J.
Hosp. Infection, vol. 59, pp. 152–155, 2005.

[21] S. C. Lam, A. K. Lui, L. Y. Lee, J. K. Lee, K. F. Wong, and C. N.
Lee, “Evaluation of the user seal check on gross leakage detection
of 3 different designs of N95 filtering facepiece respirators,” Amer. J.
Infection Control, vol. 44, pp. 579–586, 2016.

[22] E. O’Kelly, A. Arora, S. Pirog, J. Ward, and P. J. Clarkson, “Comparing
the fit of N95, KN95, surgical, and cloth face masks and assessing the
accuracy of fit checking,” PLoS One, vol. 16, 2021, Art. no. e0245688.

[23] D. L. Williams et al., “A randomised crossover study to compare the
user seal check and quantitative fit test between two types of duckbill
N95 particulate respirator masks: The halyard fluidshield N95 and the
BSN medical ProShield N-95 particulate respirator masks,” Anaesth.
Intensive Care, vol. 49, pp. 112–118, 2021.

204 VOLUME 5, 2024

https://covid.cdc.gov/covid-data-tracker
https://covid.cdc.gov/covid-data-tracker
https://www.safetyandquality.gov.au/sites/default/files/2021-08/poster_-_ppe_use_-_high_risk_covid_transmission_-_aged_care.pdf
https://www.safetyandquality.gov.au/sites/default/files/2021-08/poster_-_ppe_use_-_high_risk_covid_transmission_-_aged_care.pdf
https://www.health.gov.au/resources/publications/guidance-on-the-use-of-personal-protective-equipment-ppe-for-health-workers-in-the-context-of-covid-19
https://www.health.gov.au/resources/publications/guidance-on-the-use-of-personal-protective-equipment-ppe-for-health-workers-in-the-context-of-covid-19
https://www.health.gov.au/resources/publications/guidance-on-the-use-of-personal-protective-equipment-ppe-for-health-workers-in-the-context-of-covid-19


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


