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Abstract
The ability to obtain information on the composition of airborne particles is a necessary part of identifying and controlling risks
from exposure to potentially toxic materials, especially in the workplace. However, very few aerosol sampling instruments can
characterize elemental composition in real time or measure large inhalable particles with aerodynamic diameter exceeding
20 µm. Here, we present the development and validation of a method for real time elemental composition analysis of large
inhalable particles using laser-induced breakdown spectroscopy (LIBS). The prototype sensor uses a passive inlet and an optical
triggering system to ablate falling particles with an LIBS plasma. Particle composition is quantified based on collected emission
spectra using a real-time material classification algorithm. The approach was validated with a set of 1480 experimental spectra
from four different aerosol test materials. We have studied effects of varying detection thresholds and find operating conditions
with good agreement to truth values (F1 score ≥ 0.9). Details of the analysis method, including subtracting the spectral
contribution from the air plasma and reasons for the infrequent misclassifications, are discussed. The LIBS elemental analysis can
be combined with our previously demonstrated direct-reading particle sizer (DRPS) to provide a system capable of both
counting, sizing, and elemental analysis of large inhalable particles.
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Introduction

There is a lack of aerosol sampling technology capable of
simultaneous real-time characterization of the size, concen-
tration, and composition of inhalable particles greater than
∼20 µm in diameter. For occupational exposure, airborne
particles are often separated into size categories based on
their aerodynamic diameter (da), which also dictates how
deeply they penetrate into the human respiratory system—

respirable (da ≤ 4 µm), thoracic (da ≤ 10 µm), and inhalable
(da ≤ 100 µm).1,2 Aerosol research and instrumentation have
primarily focused on detecting small (respirable and thoracic)
particles due to their prevalence in almost all environments
and the health hazards associated with their inhalation.
However, inhalable particles larger than 20 µm are also
present in many industrial environments. For example,
grinding,3 laser machining,4 lead smelting, and battery
manufacturing5 all produce aerosols with mass median di-
ameters larger than 20 µm. Additionally, wind-blown dust can
contribute to high concentrations of inhalable aerosol
outdoors.6,7 When large inhalable particles are present in an

environment, the particle number density is typically much
lower than that for smaller, respirable particles. However,
such large particles often represent a significant fraction of the
total aerosol mass concentration, and the majority of regu-
latory exposure limits are mass-based.8

State-of-the-art aerosol measurement devices, such as
aerodynamic particle sizers (e.g., 3321, TSI Inc., US) and
optical particle counters (e.g., 11-D, GRIMM Technik Ainring,
Germany), are appropriate for both research purposes and
hazard monitoring in the workplace; however, these instru-
ments are typically limited to a maximum particle size of
approximately 20 µm. The difficulties in detection (counting)
of large particles include the following: (i) inertial losses during
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inlet aspiration or subsequent transmission of the particle into
the detection region of the instrument9 or (ii) the tendency
towards optical saturation due to large scattering signals in
optical systems.10

If the materials contained within an inhaled particle are
hazardous to health (e.g., lead, nickel, or beryllium), then it is
important to identify the presence of these species to limit
exposure. A common method to characterize the elemental
composition of inhalable aerosol involves collection on filter
media, typically over an eight-hour work shift or longer,
followed by laboratory analysis using spectroscopic tech-
niques such as inductively coupled plasma (ICP) or X-ray
fluorescence (XRF). Time-integrated filter measurement can
provide accurate information about elemental composition,
but this approach requires substantial time and resources12,13

and cannot provide information on the timing and duration of
exposure events. Filter-based methods also cannot link
composition (and exposure) to specific particle sizes counts.
The ability to determine the composition of large inhalable
particles in real-time combined with a counting and sizing
system, as we demonstrate, can allow for more rapid response
and mitigation of hazardous airborne materials relative to
existing methods.

The focus of the present work is the development of a
direct-reading particle sizer (DRPS) that uses optical scat-
tering signals and laser-induced breakdown spectroscopy
(LIBS) to obtain direct time-resolved measurements of the
aerodynamic diameter and elemental composition of large
(∼20–100+ μm) airborne particles. The counting and sizing
rely on Mie scattering11 from a pair of vertically separated
laser beams as has been described in our past work12; here,
we focus on expanding the device’s LIBS capabilities. The LIBS
technique has been employed in many fields for both quali-
tative and quantitative compositional analysis. Elemental
analysis with LIBS involves ablation of sample material by a
microplasma, induced by a high-powered laser pulse incident
on the sample, and then analyzing the resulting optical
emission spectrum.13 The species (generally atoms) contained
within the plasma emit light at specific wavelengths (fre-
quencies) in the form of “emission lines”. Comparing the
wavelengths of the detected lines against spectral databases
allows the identification of species present within the irra-
diated sample. Aspects of LIBS analysis that are advantageous
for aerosol sampling include the possibility of compact, mo-
bile, real-time instrumentation (without sample preparation),
the ability to obtain sufficient signals with only a few nano-
grams of material,13 and the ability to integrate with optical-
based sizing and counting.

Material identification with LIBS most commonly uses
relatively large, stationary solid samples and repeat (often
hundreds to thousands of laser shots) measurements to
improve signal-to-noise ratios, including the possibility of
moving the beam sample location over the course of the
measurement.13 Elemental analysis of aerosol samples using
LIBS has also been demonstrated, typically also with stationary

samples, where multiple approaches can be used to immo-
bilize the particles including collection on filters,14 on a
charged needle,15 or trapping by an electrodynamic
balance.16,17 Although trapping single particles can be ad-
vantageous in some cases, we follow an approach in which
particles settle through the instrument under the influence of
only gravity. The falling particles carry information on their
aerodynamic diameter (based on settling velocity) allowing us
to perform both counting (with Mie scattering) and the real-
time LIBS composition measurements. There have been
several demonstrations of LIBS methods based on free-firing
(untriggered) lasers aimed at moving aerosol streams, though
sampling rates (i.e., the probability of actually hitting a particle)
were limited to only ∼1–5%.18,19 In general, attempting to
perform LIBS on individual moving particles adds complexity
in terms of requiring precise overlap of the particle and laser
plasma in both time and space There have been limited re-
ports in the literature of such approaches. Tjarnhage et al. use
an optical Mie scattering triggering scheme relatively similar to
ours (but with an aerosol concentrator at the inlet) and
achieve single particle sampling rates up to 70%.20

A challenge in LIBS analysis, which is particularly prevalent
in sampling of freefalling particles, is the necessity to dis-
criminate between spectral features resulting from ablation of
the analyte particle versus from the surrounding matrix, that
is, accompanying optical emission from the surrounding air.
There can be more subtle “matrix-effects”, for example,
radiative or chemical coupling between the plasmas due to the
air and due to the particle, which influences the overall
spectral features. These effects tend to be stochastic de-
pending upon the exact overlap between the illuminating laser
pulse and particle. Note that in our regime of laser pulse
energy and particle size, the fraction of each particle that gets
ablated by the laser-induced microplasma is small.18,21

A related analysis challenge is the temporal evolution of
plasma light. At the earliest stages of the plasma lifetime, the
emitted light is dominated by broadband continuum emission
which is generally not useful for line-based spectral identifi-
cation.13 Subsequently, as the plasma decays and the con-
tinuum emission reduces, photons are emitted primarily by
line emission (between bound states of the constituent atoms
or ions), allowing the determination of elemental composi-
tion. Spectrometers with time-gated detection can be used to
collect LIBS light only in the later stages of plasma decay as a
means to reduce the contribution of the early time continuum
emission.13,22 Low-cost commercial USB spectrometers with
ungated detectors can also be used for LIBS, though timing
jitter (between the trigger pulse and signal acquisition) is
typically a few microseconds or more which past research has
shown to be problematic given that a timing precision of tens
or hundreds of nanoseconds is required to reliably remove
the continuum and gather accurate LIBS line emission data.23

Given our interest in simple equipment, and following this past
work, we therefore use a USP spectrometer with ungated
detection in an approach where we measure and subtract
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reference spectra containing the continuum emission.
Common approaches to mitigate the influence of continuum
emission and/or matrix effects involve using intensity
thresholds (relative to the baseline) to qualify individual
spectral peaks. The thresholds can be adaptive based on
background noise levels and peak intensities,18,24,25 or stan-
dard deviations of detector counts.26–28

Experimental

DRPS Overview

A direct-reading particle sizer (DRPS) for particles larger than
20 µm has been previously developed and validated in our
laboratory.12 The basic setup is shown in Fig. 1. In summary,
particle counting and sizing is based on time-of-flight Mie
scattering as free-falling particles transit between a pair of
vertically separated 785 nm continuous-wave diode laser
beams. Particle composition is determined with LIBS using a
neodymium–doped yttrium aluminum garnet (Nd:YAG) laser
pulse (Ultra CFR, Big Sky Laser Technologies Inc., US) directed
at the particle location in the lower Mie counting beam. Inmore
detail, the Mie scattering signal from the lower diode laser
beam, as detected by a photodiode sampled by an oscilloscope
(Techtronix TDS5034B), is used both for time-of-flight sizing
(in tandem with the Mie signal from the upper beam) and to
generate a temporal trigger for firing of the LIBS laser. Light
emitted from the LIBS microplasma is collected with a compact
spectrometer (Ocean Insight HR4000) for subsequent analysis.

The LIBS pulses from the Nd:YAG laser have a wavelength of
1064 nm, time duration of ∼6 ns, and are focused to the
measurement region with a positive lens of focal length 40 mm
(LA4130-ML, Thorlabs Inc.). We operate with delivered laser
pulse energy of 41+/�2 mJ (based on shot-to-shot variation)
which is sufficient to achieve reliable plasma breakdown (∼100%
of laser shots) in laboratory air. After each plasma pulse event, a
holdoff period of 500 ms is imposed during which the LIBS laser
does not fire. The holdoff period is to allow any flow distur-
bances caused by the laser spark shockwave to subside before
subsequent probing. We estimate the laser plasma to be an
ellipsoid approximately 2–3 mm long in the direction of the
spark-forming laser and ∼200–700 µm in both orthogonal

directions. This approximate estimate is based onmeasurements
of plasma kernels reported in the literature.18,29,30 The focusing
optics of the LIBS laser (and LIBS trigger timing) were aligned to
maximize the spatiotemporal overlap between the microplasma
and the path of the falling particles (as defined by the entry inlet of
∼1.5 mm diameter at top of apparatus). Given these dimensions,
we estimate that the plasma covers approximately 45% of the
projected area of the falling aerosol stream. If the trajectory of a
falling particle does not intersect themicroplasma, then it will not
be ablated and the resulting spectrum (which is still recorded
based on the Mie trigger) will contain only emission peaks from
the room air. The dimension of the inlet orifice was chosen to
provide a rough balance between LIBS hit rate and measured
particle count rates.

Optical emission from the LIBS microplasma is collected by a
lens (LA4306-ML, Thorlabs Inc., US) that is positioned at roughly
45° in the back-scatter direction and imaged with 1:2 magnifi-
cation onto the bare end of a 1.5 mm core diameter optical fiber
(M93L, Thorlabs Inc., US) that passes collected light to the
spectrometer. The spectrometer records spectral data over a
wavelength range of 250–1100 nm using a 25 µmwide entrance
slit and a 3648-pixel charge-coupled device (CCD) detector. The
spectral resolution of our system results in a measured peak full
width at half-maximum (FWHM) of ∼2.3 nm for narrow
mercury emission lines from a calibrated light source (CAL 2000,
Ocean Insight, US). The resolution value is consistent with that
found from a numeric estimate based on the spectrometer
parameters such as grating groove density and detector pixel
size.31 A single spectrum is collected each time theNd:YAG laser
fires using the provided software (OceanView v2.0.8, Ocean
Insight). An oscilloscope (TD5034B, Tektronix Inc., US) is used
to generate a signal to trigger the LIBS laser pulse and simul-
taneously begin spectral acquisition. Each spectrometer inte-
gration period lasts 3 ms. Post-processing of raw spectra and
emission peak detection is performed using Matlab (R2021a, The
MathWorks Inc.) script, as described below.

Test Aerosol Selection and Dispersion

Details of the four types (“classes”) of aerosols used to test
the LIBS system and spectral analysis methods are presented
in Table I. Two of the test aerosols—fluorescent green

Figure 1. Schematic of the DRPS prototype (not to scale). (Left) A side view of the two vertically optical scattering stages. (Right) A top-
down view of the lower detection stage highlighting components of the LIBS system.
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polyethylene (PE) (UVPMS-BG-1.025, Cospheric LLC, US)
and silver-coated soda lime glass (Ag-glass) (SLGMS-AG,
Cospheric LLC)—are spherical in shape and consist of a
series of size bins each spanning a diameter range of ∼10–
20 µm. The other two test aerosols were metal powders with
amorphous particle shape covering a much broader size range
than the spherical particles. As reported by the manufacturer,
the copper has maximum a size of 75 µm while the titanium
has average particle size of 45 µm (207780 and 366994,
MilliporeSigma, US). The measured size distributions based on
microscope images of the test aerosols nominally agree with
the information provided by the manufacturers and can be
found in the Supplemental Material.

Test particles were dispersed in the laboratory by gen-
erating a small jet of air with a rubber squeeze bulb to eject a
small quantity (<1 mg) of material through a copper pipe into
the air.12 The resultant aerosol then falls and enters into the
top inlet of the DRPS, with each particle achieving its terminal
settling velocity before reaching the inlet. Based on the test
aerosols, we recorded 1380 experimental spectra (about
evenly spread over the four material classes) for validation of
the LIBS peak detection and automatic classification algorithm.
Only one aerosol type was dispersed at once, therefore, a
single test material was assumed to be present in the sampling
environment at a given time. However, there is a remote
possibility of residual particles from previous trials deposited
within the dispersion hardware being resuspended and
sampled. Owing to the plasma-particle spatial overlap issue
mentioned above, the set of spectra contain a mix of spectra
with particle emission lines (plasma hit the particle) along with
spectra containing lines from only the air plasma (plasma
missed the particle or ablated too small of a particle mass
below the limit of detection). Additionally, 100 spectra were
collected in the absence of test aerosols as a set of known air-
only spectra for a final set of 1480 test spectra.

LIBS Analysis Methods

One of the main goals of the current work is to develop a
classification algorithm to determine the elemental compo-
sition of the analyte (falling particle), including the possibility of
identifying air-only spectra for cases where the laser plasma
misses the particle, based on examination of individual test
spectra. Here, we evaluate the algorithm’s efficacy by com-
paring the predicted species for a given test spectrum versus

“truth” values determined from offline manual classification of
the same spectra (see Supplemental Material). The classifi-
cation algorithm (as applied to a test spectrum) follows a
series of steps, the first of which is a background subtraction
to remove contributions from the continuum and air emission
lines. This is followed by a second step which uses a threshold
approach to look for the presence of analyte lines in targeted
regions. Based on the spectral line identifications, a logic is
used to classify analyte materials and assign material scores
(details below).

Because the laser beam is incident on particles within
ambient air, even in cases where the laser hits the particles,
there will inevitably be microplasma formation in air sur-
rounding the particle. The resulting plasmas will therefore
always include spectral contributions from air species, such as
dissociated and ionized nitrogen and oxygen, which can po-
tentially overlap and interfere with emission lines of the
particle species. To mitigate the effect of air species on the
particle spectra, we perform a scaling and subtraction step
based on an air reference spectrum. The air reference is
derived from 100 air plasma spectra recorded at the regular
LIBS operating conditions but with no large particles present.
The 100 spectra are nominally similar but have some variation
in spectral intensities resulting from small shot-to-shot vari-
ations in LIBS laser energy and the stochastic nature of plasma
breakdown. From these spectra, we determine a final mean air
reference spectrum and standard-deviation air spectrum. For
each test spectrum, we subtract the mean air spectrum after
finding a multiplicative constant for amplitude of the mean air
spectrum that brings the test and air spectra to best possible
least-squares agreement over wavelength regions selected to
be free from strong particle lines. Examples of a raw test
spectrum, scaled air spectrum, and the final post-subtraction
spectrum are shown in Fig. 2. The final spectrum exhibits
strong emission features associated with the ablated particle
species, which was silver-coated glass in the example pre-
sented in Fig. 2.

After the air subtraction, the algorithm looks for the
presence of analyte lines from candidate species. For each of
the four test materials, the five strongest emission peaks were
identified for a total of 20 wavelength values of interest (see
Table I). The target wavelengths for copper and titanium were
based on the five strongest peaks within the detection range
based on a National Institute of Standards and Technology
(NIST) spectral database.32,33 The five strongest emission

Table I. Particle summary with size bin range, average or maximum particle sizes as reported by manufacturer, and five emission wavelengths
of interest for each test aerosol examined.

Material Shape Size (µm) Emission wavelengths (nm)

Silver-coated glass Microspheres 20–27, 40–48, 63–75 328.1, 338.3, 520.9, 546.6, 589.1
Polyethylene Microspheres 27–34, 38–45, 53–63, 75–90, 106–125 386.0, 415.4, 514.8, 589.1, 656.3
Titanium Metal powder 45 (average) 308.8, 323.6, 334.9, 376.0, 430.0
Copper Metal powder 75 (maximum) 324.8, 510.6, 515.3, 521.9, 578.0

264 Applied Spectroscopy 77(3)

https://journals.sagepub.com/doi/suppl/10.1177/00037028221146804
https://journals.sagepub.com/doi/suppl/10.1177/00037028221146804


peaks were determined experimentally for each of the other
two test aerosols, which are comprised of multiple materials
in an unknown ratio. Although air features may overlap with
the lines of interest, the air plasma subtraction procedure
typically eliminates this problem (see the 520.4 nm Ag(I) line
with interference from N(II) line at 518 nm in Fig. 2). A
challenge for spectral line identification is that, owing to
variations in plasma formation and in spatial overlap of particle
and plasma, the air subtraction step can lead to small
anomalous peaks associated with artifacts of the subtraction,
that is, not due to real spectral features, in the final spectrum.
One of the functions of peak thresholding in the classifier
algorithm is to avoid erroneous detection due to these re-
sidual noise features. Details of the windowing and thresh-
olding are as follows. At each candidate line location, a series
of nine data points centered on the wavelength of interest is
extracted from the LIBS spectrum to create a detection
window ∼2 nm wide. If a sufficiently strong peak exists within
this window, a single positive peak identification for the
corresponding material is recorded. The condition for
strength is based on the peak spectral intensity within the
window (of the post-subtraction spectrum) exceeding a pre-
determined value, which we refer to as the absolute intensity
threshold (AIT). The AIT depends on wavelength and is de-
termined based on different multiples of the standard-
deviation air reference spectrum (e.g., AIT = 0.5σ, where σ
is the standard-deviation air reference spectrum). A positive
detection from one such candidate line counts as +1 towards
the signal’s material score (which can range from 0–5 for each
candidate material). An additional prominence threshold (PT)
is also applied to each peak to ensure that the intensity of the
peak is sufficiently high, relative to the neighboring values.
Further information about the peak prominence calculation
and process used to optimize the prominence threshold can
be found in the Supplemental Material.

For each test spectrum, a material score (M) is assigned
for each class based on the number of positively identified
peaks associated with the class. Final assignment logic can be
adjusted depending on the application but for initial work
the classifier assumes each test particle belongs to only one
class based on the maximum material score and with a
requirement of a minimum usable material score of two. If
the maximum material score is not met, the signal is
considered as an air spectrum. For example, the experi-
mental spectrum in Fig. 3 contains five peaks identified as
titanium. The strong peak located at ∼324 nm was recorded
toward the material score for copper as well, due to overlap
of detection windows. Material scores for the example
spectrum are MTi = 5 and MCu = 1, resulting in a correct
classification of titanium. The current implementation of
the algorithm requires the classifier to select a single class
for each signal. In the rare cases (<5%) in which the resulting
material scores for multiple classes are equal, the class with
the highest peak intensity is selected. The classifier iden-
tification is currently performed in post-processing but
could be implemented into real-time data analysis in the
future. Performance of the material score sorting approach
is further examined below.

Results and Discussion

To examine the performance of our classifier algorithm, we
compare the predictions of material class against the manual
(truth) classifications for the set of 1480 test spectra. The
algorithmic approach can be treated as a multiclass problem
based on assigning test spectra to respective classes corre-
sponding to material, including air-only. The class counts
obtained by the algorithm and by manual classification are
used to calculate quality metrics of true positive rate (TPR),
precision, and false positive rate (FPR):

Figure 2. Example of a raw experimental LIBS spectrum containing emission from air and a silver-coated glass particle, the air spectrum
scaled to match this signal, and resulting signal after subtraction of the air spectrum. Wavelengths of interest for all four test materials are
indicated by vertical dashed lines.
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TPR ¼ TP
TPþ FN

(1)

Precision ¼ TP
TPþ FP

(2)

FPR ¼ FP
FPþ TN

(3)

where TP and TN are the number of true positives and true
negatives, FP is the number of false positives (type I error), and
FN is the number of false negatives (type II error). Applying
this formalism to multiclass problems is done using a one-
versus-all approach,34 such that analyses are performed on a
given material class (e.g., the material type of copper) and
against all remaining classes. For example, assigning true
copper as titanium would be a false positive in analysis of the
titanium class, and a false negative for the copper class. As
shown below, achievable values of these parameters vary with
the logic and threshold settings. Needed values of TPR,
precision, and FPR vary with application. For example, for
safety alarms due to possible high-risk materials it may be
acceptable to have more false positives in order to not miss
any true positives, that is, to tolerate a higher FPR to achieve a
high TPR. Alternatively, in a case where each positive triggers a
high-cost action (e.g., expensive follow-on testing), it may be
important that a high fraction of positive assignments is indeed
correct, corresponding to need for high Precision.

Building on the above, another useful performance metric
is the F1 score which provides a measure of the overall
agreement between truth and algorithmic classifications, with
equal weighting given to both precision and TPR:35

F1 ¼ 2*
Precision * TPR
Precisionþ TPR

¼ TP

TPþ 1
2
ðFPþ FNÞ

(4)

Higher values of F1 indicate better performance (with a
range from 0 to 1).

An additional performance metric, which also accounts for
the instrument flow configuration and plasma overlap, is

provided by the LIBS efficiency (ηLIBS) defined as the fraction
of particles entering the DRPS (through the 1.5 mm inlet) that
are correctly identified by LIBS:

ηLIBS ¼
#of correctly identified particles

# of particles detected by trigger beam
(5)

where “correctly identified particles” indicates agreement
between the automated and truth signal classifications ex-
cluding the air-only class and “particles detected” considers
only particles large enough to generate a LIBS trigger signal. A
high LIBS efficiency means a higher fraction of detectable
particles entering the DRPS will be correctly classified by
material. Cases where spectra are misclassified by the algo-
rithm or cases where the LIBS microplasma misses the particle
both reduce ηLIBS. Therefore, even if the algorithm were to
classify all spectra with perfect accuracy, the peak value of LIBS
efficiency is limited by the probability of the microplasma
successfully hitting a falling particle which is in the range of 50–
60% for most tested particle types.

The classification algorithm was applied to the test dataset
using different values of the intensity threshold (AIT) ranging
from 0 to 1σ. Figure 4 shows plots of TPR, FPR, Precision, and
the F1 score for one-versus-all analyses based on each material
class (and their macro-averaged values) versus AIT. Each of
these parameters can range from 0 to 1, with high values in-
dicating better performance, except in the case of FPR where
low values are preferred. With regards to TPR (for non-air
materials), the general trend is simply that increasing the AIT
much above zero causes the TPR rate to start to fall; this can be
interpreted that, as thresholds get larger, it is increasingly likely
for the algorithm to miss weak spectral emissions. However,
there can be a penalty for too low of a threshold, in that the
algorithm can mistakenly consider noise (or subtraction arti-
facts) as actual material peaks, that is, there will be false positive.
For this reason, we see that if the AIT is very low (<∼ 0.15σ),
we have a decrease in precision and an increase in FPR.

The F1 parameter describes the combination of TPR and
Precision and for most material classes is highest when the
intensity threshold is in the range of ∼0.15σ. Intuitively it is

Figure 3. Example LIBS spectrum containing emission from a titanium particle after air subtraction. The gray shaded region indicates an AIT
value of 0.5σ that must be exceeded for a positive peak detection. Detected peaks and their corresponding material class are identified with
triangular markers.
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reasonable that some minimum threshold is helpful to reject
noise artifacts but that too large of a threshold lowers per-
formance since the system becomes blind to actual emission
lines. The exact performance varies for different materials
(likely due to locations and strengths of the target lines relative
to air plasma lines and spectral regions with more fluctuation)
but we can achieve F1 ≥ 0.9 for all classes. The differing be-
havior for silver-coated glass where higher AIT values remain
adequate is likely because the silver peaks tend to be very
strong and easier to differentiate from any baseline noise.
Clearly, a different optimal threshold value may exist for
different materials. However, three of the four studied test
materials display roughly the same relationship between F1
score and AIT. Thus, statistics based on the macro-averaged
case are assumed to be the most appropriate when selecting
an operating point for classification of other materials. If high
confidence in positive identifications is required, the optimal
value of AIT (∼0.6σ) occurs when Precision is maximized.
Regarding LIBS efficiency, we find values of ∼0.48–0.53 for
AIT between 0.15σ and 0.6σ, driven primarily by the hit rate of
particles. This means that an LIBS signal usable for particle
classification could be obtained in addition to the aerodynamic
diameter measurement for roughly half of all the detectable
particles that entered the DRPS and transited both scattering
beams (Table II).

Conclusion

The LIBS spectral analysis method has been integrated with a
prototype DRPS as a step toward simultaneous real time
counting/sizing and elemental composition of large inhalable
particles. We have developed an automated analysis method
able to correctly classify a large majority of test spectra from
four particle types. The method includes subtracting contri-
butions (matrix effects) from the air plasma emission con-
tribution and using a thresholding approach to identify
features against a prepopulated spectral database. The effect of
the intensity threshold on classifier performance metrics
including F1 score, and precision was examined and revealed
potential operating points.

Figure 4. F1 score, precision, TPR, and FPR for each test particle class, macro average of the four classes (dashed line), and air-only spectra
over 0 ≤ AIT ≤1.

Table II. Classifier performance statistics for three representative
values of absolute intensity threshold: AIT = 0 (threshold off), AIT =
0.15σ (maximum F1 score), and AIT = 0.6σ (maximum precision).

AIT (σ) No. Correct TPR FPR Precision F1 ηLIBS

0 1356 0.92 0.019 0.89 0.90 0.53
0.15 1378 0.91 0.011 0.94 0.92 0.53
0.6 1320 0.83 0.004 0.97 0.89 0.48
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While the results of the present work are already quite
promising for practical use, various modifications to increase
performance can be considered in future work. The LIBS
efficiency is driven by two major factors—the probability of
the plasma successfully ablating a particle (aerosol hit rate) and
the classification accuracy of the peak detection algorithm. An
increased aerosol hit rate may be achieved through alternative
beam-focusing optics or adjustment of the plasma/inlet ge-
ometry. The accuracy of the classifier can be improved by
algorithmic changes (e.g., details of the air plasma subtraction
step) or hardware changes in relation to spectral acquisition.
The relatively simple, low-cost USB spectrometer system
used in this work has limitations including trigger-to-
acquisition timing jitter and a coarse spectral resolution
that would not be present with a high fidelity, time-gated
spectrometer. However, the experimental results demon-
strate adequate material identification using the present
system by suppression of continuum and air plasma emission
via signal post-processing. Additionally, many machine learning
approaches including principal component analysis, support
vector regression, and artificial neural networks36 have also
been demonstrated for LIBS data processing for identification
of materials with similar elemental composition (e.g., poly-
mers37 and soils38) and can be examined in future work to
extend the capabilities of the DRPS.
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