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Discrete Particle Detection and Metal Emissions Monitoring
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The unique conditions for the application of laser-induced break-
down spectroscopy (LIBS) as a metal emissions monitor ing tech-
nology have been discussed. Because of the discrete, particulate na-
ture of ef¯ uent metals, the utilization of LIBS is considered in part
as a statistical sampling problem involving the ® nite laser-induced
plasma volume, as well as the concentration and size distribution
of the target metal species. Particle sampling rates are evaluated
and Monte Carlo simulations are presented for relevant LIBS pa-
rameters and wastestream conditions. For low metal ef¯ uent levels
and submicrometer -sized particles, a LIBS-based technique may be-
come sample limited. An approach based on random LIBS sampling
and the conditional analysis of the resulting data is proposed as a
means to enhance the LIBS sensitivity in actual wastestreams. Mon-
te Carlo simulations and experimental results from a pyrolytic
waste processing facility are presented , which demonstrate that a
signi® cant enhancement of LIBS performance, greater than an or-
der of magnitude, may be realized by taking advantage of the dis-
crete particulate nature of metals.

Index Headings: Laser-induced breakdown spectroscopy; Metal
emissions monitoring; Particle detection .

INTRODUCTION

In recent years, considerable resources have been di-
rected toward the development and testing of new con-
tinuous emissions monitors (CEMs) for metals in process
wastestreams. The motivating factors that drive CEM de-
velopment are diverse and include regulatory compliance,
public assurance of treatment technologies, and process
optimization and control. Recent draft maximum achiev-
able control technology (MACT) standards encourage the
development and use of continuous emissions monitors
for metals.1 One goal is the reduction or elimination of
expensive compliance testing, thereby facilitating the per-
mitting process. Furthermore, with waste treatment pro-
cesses often coming under increased public scrutiny, con-
tinuous or near-continuous emissions data may be bene-
® cial in promoting public con® dence in treatment tech-
nologies.² An additional application that has gained
attention is the use of CEM data for process control and
optimization. Cost bene® ts can be realized by curtailing
often expensive front-end waste characterization and by
taking advantage of enhanced process ef® ciency via
CEM data feedback. The broad scope of CEM incentives
and potential bene® ts has led to a wide range of tech-
nologies and development efforts.

The technologies in the forefront of metals CEM de-
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velopment include inductively coupled plasma atomic
emission spectroscopy (ICP-AES), microwave-induced
plasma atomic emission spectroscopy (MIP-AES), and
laser-induced breakdown spectroscopy (LIBS), also re-
ferred to as laser-spark spectroscopy (LASS). A brief sta-
tus report of these three technologies and their application
as multi-metals CEMs was published recently.2 The pres-
ent paper will focus only on LIBS, the one technology
of the three that has been demonstrated in the ® eld as a
real-time monitor that is both in situ and noninvasive.
LIBS is an atomic emission spectroscopy diagnostic that
utilizes a high-power pulsed laser beam as the excitation
source. The resulting optical breakdown, also referred to
as a laser-induced plasma or laser spark, excites all spe-
cies within the probe volume, which then enables deter-
mination of elemental composition. The physical pro-
cesses of LIBS have been investigated in previous stud-
ies, but generally, particulates smaller than about 10 m m
are completely dissociated in the resulting plasma.3,4 The
origin and uses of the LIBS technique have been sum-
marized in several publications,5,6 and literature reviews
of a wide range of LIBS studies have been published.7± 9

The speci® c applications of LIBS for the analysis of aer-
osols,3,4,10± 12 vapors,13 and combustion particulates14± 16 in-
clude a number of metal species such as beryllium, lead,
and mercury, coal particles, and metal hydrides. None-
theless, while much progress has been made in under-
standing both the LIBS process and its particular appli-
cation for metals sensing, important issues (e.g., lower
detection limits) remain regarding its use as a metals
CEM in thermal treatment processes.

The nature of the metal species in thermal treatment
process ef¯ uent streams becomes a fundamental issue in
the implementation of a LIBS-based CEM. Speci® cally,
in waste combustion systems, the fate of metals is a com-
plex phenomenon controlled by mechanisms such as par-
ticle entrainment, chemical interactions, vaporization,
condensation, particle coagulation, and particle collection
by air pollution control system (APCS) devices.17,18 Im-
portant parameters include the volatility of metal species
and the treatment process temperature pro® le. As the
combustion products cool downstream of the primary re-
actor, vaporized metals are expected to nucleate homo-
geneously or condense onto other particles. Homoge-
neous nucleation typically produces submicrometer-sized
particles; heterogeneous condensation also favors enrich-
ment of metals to the smallest particles due to their higher
surface-area-to-mass ratios.17± 22 Sodium, for example,
was reported23 to be enriched nearly completely in the
submicrometer particle size range as a result of vaporiza-
tion and subsequent nucleation/condensation during a
pulverized coal combustion study. APCS devices such as
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FIG. 1. Calculated LIBS particle sampling rates, expressed as per-
centage of shots sampling at least one particle, as a function of the
volume mean diameter of a given particle size distribution.

venturi scrubbers, high-ef® ciency particulate air (HEPA)
® lters, and electrostatic precipitators (ESPs) are charac-
terized by decreased collection ef® ciencies for submicro-
meter-sized particles.18 Although new devices offer im-
proved collection ef® ciencies for submicrometer-sized
particles, particulate metals in typical post-APCS waste-
streams are most frequently of the submicrometer size.
The resulting particulate emissions may include both ho-
mogeneous and multi-species metals, as well as metal-
enriched ¯ y ash. The successful coupling of the LIBS
technology as a metals CEM must consider and make use
of the discrete, particulate nature of most metal species
under applicable wastestream outlet conditions.

The purpose of this paper is to address the unique ap-
plication and process conditions of LIBS as a metal emis-
sions monitoring technology. Because of the particulate
nature of ef¯ uent metals, the utilization of LIBS may be
considered in part as a statistical sampling problem in-
volving the ® nite laser-induced plasma volume, the LIBS
duty cycle, and the concentration and size distribution of
the target metal species. Particle sampling rates are dis-
cussed, and Monte Carlo simulations are presented for
relevant LIBS parameters and wastestream conditions.
An approach based on random LIBS sampling and the
conditional analysis of the resulting data is proposed as
a means to enhance the LIBS sensitivity in actual waste-
streams. Experimental results from a pyrolytic waste pro-
cessing facility are presented that demonstrate the signif-
icant enhancement of LIBS performance realized by tak-
ing advantage of the discrete particulate nature of metals.

LIBS SAMPLING STATISTICS

The sampling statistics associated with a LIBS-based
metals CEM may be de® ned in terms of the average met-
al ef¯ uent concentration, the size distribution of metal
particles, the laser repetition rate, and the plasma/spark
volume. When the average number of metal particles
sampled by each laser pulse becomes less than unity, as
discussed below, the following two issues become im-
portant: (1) How many particles must be sampled to de-
termine an accurate particle representation?, and (2) Can
accurate metal concentration values be determined in the
limiting case of low particle loadings?

Particle Sampling Rates. The LIBS technique utilizes
a pulsed laser to generate the plasma spark, with typical
repetition rates of about 10 Hz or less. For a given ¯ ow
streamline within a wastestream, the spatial sampling ef-
® ciency is de® ned by the bulk ¯ ue gas velocity, laser
pulse rate, and laser spark dimensions. The actual volume
of the laser spark is a complex function of laser beam
geometry, laser pulse energy, and ambient conditions. For
present calculations, the plasma volume will be approx-
imated as 5 3 10 2 5 cm3, which corresponds to a diameter
of several hundred micrometers and a length of several
millimeters, with the resulting shape corresponding to a
truncated cone, as reported by Radziemski et al.3 The
plasma volume does expand following breakdown initi-
ation, but the overall geometry remains similar. For a
nominal gas velocity of 2 m/s and 10-Hz repetition rate,
the spatial sampling ef® ciency of the LIBS probe oriented
perpendicular to the duct ¯ ow is about 0.1%. This com-
pares with a 100% sampling ef® ciency for isokinetic ex-

tractive sampling along the corresponding streamline.
The LIBS sampling ef® ciency may be increased by in-
creasing the laser repetition rate, but consideration must
be given to sample biases from pulse-to-pulse interac-
tions, stemming, for example, from the LIBS-induced
shock waves. A nominal LIBS spatial sampling ef® ciency
on the order of 0.1% should not, however, be construed
as limiting, because valid statistical representations are
routinely constructed from much smaller sample spaces.

A fundamental parameter for LIBS sampling statistics
may be de® ned as the particle sampling rate (PSR), which
is equal to the percentage of laser pulses expected to sam-
ple at least one particle. Assuming a Poisson distribution
function, the PSR is given by the expression

PSR 5 (1 2 e 2 m ) 1́00 (1)

where m is the average number of particles per laser spark
volume. For a given metal concentration x ( m g/m3), metal
particle density r (g/cm3), plasma volume Vplasma (cm3),
and particle volume mean diameter dVMD ( m m),

6xVplasma
m 5 . (2)

3p r dVMD

By making use of the volume mean diameter in the above
equation, where

1/3`
3d 5 d p(d) dd (3)VMD E[ ]d5 0

one does not use any implicit particle distribution func-
tion p(d) for Eq. 2. For a nominal plasma volume of 5
3 102 5 cm3, as discussed above, and a particle density
value of 7.5 g/cm3 [based on an average of the Resource
Conservation and Recovery Act (RCRA) metals As, Be,
Cd, Cr, Co, Mn, Ni, Pb, and Sb], particle sampling rates
are presented in Fig. 1 as a function of volume mean
diameter for the two concentration values of 5 and 100
m g/m3. We note that the cubic meter refers to an actual
cubic meter (acm) and differs from the dry standard cubic
meter (dscm) often used for emissions data. For a 100-
m g/m3 concentration, the PSR is 25% for a volume mean
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FIG. 2. Two single-shot spectra and 99-shot average spectrum for
LIBS data collected from a rotary kiln incinerator wastestream. Spectra
have been scaled as indicated, are presented with the same intensity
units, and have been shifted vertically for clarity.

FIG. 3. Equivalent metal concentration for single particle hit as a func-
tion of particle diameter. Approximate LIBS lower detection limits of
select species are indicated.

diameter of 0.175 m m and falls to below 1% for a dVMD

greater than 0.5 m m. For the 5- m g/m3 concentration,
which is typical of target metal ef¯ uent levels, the vol-
ume mean diameter must be 0.06 m m or smaller to reach
a 25% PSR, with the PSR falling to 0.05% for a volume
mean diameter of 0.5 m m. For a PSR of 0.05%, an av-
erage of 2000 laser pulses would be required to sample
a single target metal particle. The PSR results are based
on an average metal density of 7.5 g/cm3 and will scale
inversely as the density is varied. For example, using the
density of Be (2 g/cm3 and much lower than that of the
other RCRA metals) will increase the calculated PSRs by
a factor of about 3.7. In addition, ef¯ uent metals may
also exist as oxides or salts, and the resulting densities
will affect the sampling rates accordingly. Nonetheless,
these calculations demonstrate that a large increase in
sampling rate results from a larger number of small par-
ticles and, conversely, that the sampling rate can become
exceedingly small for realistic combinations of particle
size and metal concentration.

As an example of the discrete nature of metal particles
in actual ef¯ uent wastestreams, a set of LIBS spectra is
presented in Fig. 2. The data were recorded in the U.S.
Environmental Protection Agency rotary kiln incinerator
simulator (RKIS) facility at Research Triangle Park,
North Carolina. The RKIS consists of a primary com-
bustion chamber, a transition section, and a ® red after-
burner in the secondary combustion chamber. Both the
kiln and afterburner were ® tted with 73-kW auxiliary fuel
burners and were ® red with natural gas. The LIBS sam-
pling port was located downstream from a heat exchanger
section and diluent air injector. The ¯ ue gas temperature
was constant at approximately 232 8 C (450 8 F) at the
sample port for all LIBS sampling, and the water vapor
content was approximately 7% mole fraction. Figure 2
contains the average spectrum of a 99-shot laser pulse
sequence recorded at 6.5 Hz and two single-shot spectra
from the same sequence. The recorded EPA Reference
Method 29 concentration values were 195 m g/acm of cad-
mium and 225 m g/acm of beryllium. Moderate signals

corresponding to Cd, Be, and Fe (from the ¯ y ash) are
visible in the averaged 99-shot spectrum. However, one
of the single-shot spectrums contains only a trace of Be
at 234.9 nm and no Cd or Fe features, while the second
single-shot spectrum contains a Cd signal at 226.5 nm
that saturated the detector. We note that detector satura-
tion results in lost intensity signal and a corresponding
reduction in calculated metal concentration. The equiva-
lent single-shot cadmium concentration was approxi-
mately 3900 m g/acm, about 20 times larger than the av-
erage cadmium concentration represented by the upper
spectrum.

The data presented in Fig. 2 suggest a solution to the
dilemma of low particle sampling rates that utilizes the
discrete and often disparate LIBS single-shot signals.
Speci® cally, the PSRs can become limiting when the av-
eraging of a small number of particle hits with a very
large number of total shots reduces the signal-to-noise
ratio to below signi® cant levels. However, as demonstrat-
ed in Fig. 2, single particle hits can contain dispropor-
tionately large signals for speci® c metals that could pro-
vide LIBS data under very low PSR conditions. By using
a conditional analysis approach in which single-shot par-
ticle `̀ hits’ ’ are separated from single-shot particle `̀ miss-
es’ ’ , one may take advantage of the discrete particle sig-
nals in response to these potentially limiting sampling
rates. As an example, the equivalent concentrations of a
single particle based on the LIBS parameters outlined
above are presented in Fig. 3 as a function of the single
particle diameter. Also noted in Fig. 3 are the approxi-
mate LIBS lower detectibility limits for a range of target
metals. The calculations presented in Fig. 3 reveal that
signi® cant metal concentrations result from particles on
the order of several hundred nanometers, and consequent-
ly, large single-shot LIBS signals are available. With the
adoption of a single-shot detection and conditional anal-
ysis approach, the implementation of a LIBS-based met-
als CEM may be considered in the context of a statistical
particle sampling problem.

Monte Carlo Simulations. The issues associated with
the use of conditional signal analysis in conjunction with
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FIG. 4. Ideal ZOLD distribution (solid curve) for d 5 0.25 m m and s 0

5 0.30. The histogram represents 1000 random samples from the 3765-
element particle set (d 5 0.25 m m and s 0 5 0.30) used for Monte Carlo
calculations. The plots have been normalized by using the modal value.

FIG. 5. Percent deviations of the calculated volume mean diameter as
a function of the number of particles sampled. The parameters d 5 0.25
m m and s 0 5 0.30 were used for the particle distribution. Twenty-® ve
Monte Carlo trials are presented for each sample number, and the solid
curve represents the average (absolute value) of 250 trials for each
sample number.

the LIBS technique may be considered in two parts: (1)
the necessary number of particle samples required to rep-
resent accurately the true particle size distribution; and
(2) the necessary number of particle samples required to
represent accurately the true particle loading or sampling
frequency. Monte Carlo calculations were performed to
address these two questions.

To examine the effects of discrete particle sampling
from a size distribution of particles, we performed a se-
ries of calculations using as a model the zeroth-order log-
arithmic distribution (ZOLD) for particle size.24 The gen-
eral ZOLD, p(d), is functionally similar to the log± nor-
mal distribution and is de® ned as

2 2exp( 2 s /2) 2 (ln d/d )0 mp(d) 5 exp (4)
2[ ]2 ss d Ï 2 p 00 m

where dm is the modal or most probable value, and s 0 is
a measure of the width and skewness of the distribution
function. The ZOLD is normalized to unity over the in-
tegral range of zero to in® nite and is skewed toward larg-
er particle sizes, making it a good representation of nu-
cleating and coagulating aerosols. The ® rst and third mo-
ments of Eq. 4 de® ne the mean and volume mean di-
ameters (see Eq. 3), respectively, which after integration
yield

2Åd 5 d exp(1.5s ), (5)m 0

2d 5 d exp(2.5s ). (6)VMD m 0

The ZOLD is presented in Fig. 4 for a mean diameter
of 0.25 m m and a value of s 0 5 0.30. s 0 5 0.30 is the
approximate value for the self-preserving size distribu-
tion for aerosol coagulation.25,26 For these parameters, the
modal and volume mean diameters are 0.218 and 0.274
m m, respectively. For Monte Carlo calculations, a particle
set was constructed from the ZOLD distribution by lim-
iting the probabilities of the largest and smallest diame-
ters to 1% of the most probable value and partitioning
the resulting diameter range into 100 intervals. For d 5
0.25 m m and s 0 5 0.30, the 1% probabilities occur at

diameters of 0.087 and 0.543 m m. By setting the number
of particles at the modal value equal to 100, we con-
structed the corresponding particle set, which contained
a total of 3765 particles. The mean and volume mean
diameters of the 3765 particles were 0.249 and 0.271 m m,
respectively. The 3765 particle sizes were entered into a
one-dimensional array that was then randomly accessed
with the use of a pseudo-random number generator. In a
procedure to assess the Monte Carlo algorithm, a series
of histograms were generated from the particle set and
compared to the ideal ZOLD function. The histogram of
1000 particles randomly accessed from the 3765-element
array is presented along with the ideal ZOLD in Fig. 4.
The mean and volume mean diameters of the 1000 par-
ticles are equal to 0.247 and 0.269 m m, respectively. A
series of trials produced excellent overall agreement with
the ideal ZOLD values and provided a validation of the
Monte Carlo algorithm.

With the use of the 3765-element particle set, a series
of Monte Carlo trials were conducted to characterize the
deviation of the volume mean diameter on the basis of a
small, discrete number of samples in comparison to the
total population value, namely, 0.271 m m. The volume
mean diameter was selected for comparison because a
LIBS-based CEM requires particle mass information.
Presented in Fig. 5 are the percent deviations of the cal-
culated dVMD values for each of 25 trials, as the number
of averaged particle samples was varied from 1 to 30.
Figure 5 also includes the average percent deviation (ab-
solute value) for 250 trials of each corresponding sample
size. What is noted in Fig. 5 is that, by about 20 sampled
particles, the deviation of the volume mean diameter is
limited to within 20% of the true value, while the average
deviation is about 7.5%. A series of 500 trials was con-
ducted for each sample size from 1 to 30, and it was
found that, by 19 particle samples, 80% of the trials
yielded a dVMD within 10% of the expected value. Similar
results were obtained for other size distribution widths
and volume mean diameter values up to micrometer-
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FIG. 6. Percent deviations of the calculated concentration based on 500
total shots presented for 100 individual Monte Carlo trials. The param-
eters d 5 0.25 m m, s 0 5 0.30, and 100 m g/m3 were used for the particle
distribution, and Eqs. 1 and 2 were used for particle sampling rates.

FIG. 7. Percent deviations of the calculated concentration based on
2500 total shots presented for 100 individual Monte Carlo trials. The
parameters d 5 0.25 m m, s 0 5 0.30, and 10 m g/m3 were used for the
particle distribution, and Eqs. 1 and 2 were used for particle sampling
rates.

sized. The Monte Carlo calculations demonstrate that
only a small number of particles, approximately 20, are
required to provide an accurate representation of the av-
erage particle mass for rather broad ranges of submicro-
meter to micrometer-sized simulated aerosol dispersions.

In addition to the measurement of an average particle
mass, the successful implementation of a metals CEM
necessitates the simultaneous determination of the parti-
cle number density or particle sampling frequency. Spe-
ci® cally, if the conditional analysis approach is used to
segregate the particle hits from the particle misses, thus
increasing signal-to-noise ratio and sensitivity, the actual
metal concentration x may be determined from the rela-
tion

x 5 (average metal concentration for hits)

3 (sampling frequency of hits) (7)

where the average concentration of the hits is determined
by using any standard LIBS calibration technique but uti-
lizing only the spectra of hits, and the frequency of hits
is the ratio of the number of hits to total laser shots.
Therefore the overall metal concentration measurement is
reduced to the product of two statistical samples, namely,
the particle size distribution and the particle sampling fre-
quency. Monte Carlo simulations were performed to as-
sess the overall viability of the conditional analysis ap-
proach to a LIBS CEM.

For a speci® ed metal concentration, mean particle di-
ameter, and s 0 value for the ZOLD, a particle distribution
set was constructed as described above, and particle sam-
pling probabilities were evaluated with the use of Eqs. 1
and 2. A binary system was used for the sampling prob-
abilities, with the probability of hitting no particles (i.e.,
particle miss) equal to exp(2 m ) and the probability of
hitting a single particle (i.e., particle hit) equal to
1-exp(2 m ). For the low PSR cases simulated, the prob-
abilities of hitting two particles or more were several or-
ders of magnitude lower than the single particle proba-
bility; therefore Eq. 1 was used as the probability of a
single particle hit only. The Monte Carlo calculations
were then performed for a speci® ed number of total shots

by using the following algorithm: Each shot was classi-
® ed as a hit or miss by randomly addressing the binary
hit/miss probability distribution as de® ned above. For
each shot classi® ed as a miss, only the total shot count
was incremented. For each shot classi® ed as a hit, a par-
ticle size was then selected randomly and stored from the
particle size distribution array, as in the above calcula-
tions, and both the total shot count and hit count were
incremented. After the total number of desired shots, the
average metal concentration was calculated by using the
volume mean diameter for all particle hits, plasma vol-
ume, and frequency of hits, as de® ned by Eq. 7. The
calculated average metal concentration was then com-
pared to the speci® ed (i.e., input) concentration value,
and the percent deviation was calculated.

Figure 6 contains the percent deviations of the calcu-
lated metal concentrations of 100 Monte Carlo trials for
the speci® ed case of 100 m g/m3, 0.25-m m mean particle
diameter, s 0 5 0.30, and 500 total shots. The correspond-
ing particle sampling rate is 6.0%, based on Eq. 1. The
average percent deviation of the calculated concentrations
for the 100 trials is 18.6% with a standard deviation of
13.5%. The average particle sampling rate was 6.11%
with a standard deviation of 0.96%, and the average num-
ber of particle hits was 30.6 with a standard deviation of
4.8. For these trials, typically the number of sampled par-
ticles was greater than the minimum of 20, as discussed
above, and the resulting combination of mean volume
and sampling frequency produced very good agreement
with the speci® ed concentration value.

Figure 7 contains the percent deviations of the calcu-
lated metal concentrations of 100 Monte Carlo trials for
the same conditions as Fig. 6, but with a speci® ed con-
centration of 10 m g/m3, and for 2500 total shots per trial.
The corresponding predicted particle sampling rate is
0.62%. The average percent deviation of the calculated
concentrations for the 100 trials is 26.3% with a standard
deviation of 17.0%. The average particle sampling rate
was 0.68% with a standard deviation of 0.14%, and the
average number of particle hits was 16.9 with a standard
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FIG. 8. Schematic diagram of the LIBS metals emissions monitor as
installed on a process wastestream.

deviation of 3.6. For these sampling rates, the nominal
concentration of the averaged hits was about 1400 m g/
m3, as compared to the overall value of 10 m g/m3, which
demonstrates the potential for increased signal-to-noise
ratios. For these trials, the typical number of sampled
particles was less than the prescribed value of 20, and
the spread was somewhat larger in comparison to the Fig.
6 data. Nonetheless, the Monte Carlo results are encour-
aging in that reasonable accuracy (26% average) was ob-
tained for the calculated concentration values under sim-
ulated conditions that would severely limit a conventional
LIBS approach.

One more consideration is noted with regard to the
above calculations and data analysis approach, and it con-
cerns the total number of shots. To obtain a valid measure
of the frequency of particle hits, one should terminate the
conditional analysis algorithm on the basis of the total
number of shots rather than a selected total number of
hits. This requirement may be explained by using the
example of a six-sided die with equal probabilities for all
sides. To determine the probability of a given number
(i.e., side) using the total number of hits concept, one
would record the true probability of 1/6th only when the
desired side was observed on exactly the sixth toss. In
contrast, if the desired side was observed on the ® rst toss,
an incorrect value of 100% (i.e., 1 hit for one toss) would
be determined. The inclusion of all possible outcomes
(such as 50% for a hit after two shots, etc.) demonstrates
the limited chance of recording the true probability. Al-
ternatively, with the total number of shots approach, the
likelihood of recording the true probability is much high-
er. Consider, for example, a total of six shots, where the
desired side should occur on average once in every six
tosses, which signi® cantly increases the likelihood of ob-
taining the true probability. Analogous statistics hold for
a conditional analysis approach to a LIBS CEM that
could result in an inadvertent source of error, especially
for the case of low particle sampling rates, if one is using
a total number of hits approach.

EXPERIMENTAL

In a procedure to assess the above sampling statistics
calculations and the conditional analysis approach, actual
LIBS data were collected and evaluated in real time from
a thermal treatment process wastestream. All data were
recorded at a natural-gas-® red, pilot-scale, pyrolytic
waste processing unit. The 220-kW burner was partially
® red for this series of tests, and the pyrolytic processing
chamber was operated at a temperature of 870 8 C (1600
8 F) under nonoxidizing conditions. The gaseous exhaust
stream from the pyrolytic chamber entered a direct-® red
secondary combustion chamber, then passed through a
waste heat recovery unit, and ® nally passed through a
wet gas scrubber before exiting the stack. Because of the
relatively low operating temperatures of the primary py-
rolytic unit, nearly all metal components of the waste
feed were removed in a separate, solid-waste exit stream.
The resulting metal concentrations in the stack ef¯ uent
gas stream have been historically low, from tens of parts
per billion (ppb) to sub-ppb levels.

The data presented here were recorded for a waste feed
stream of 21 lb/h of municipal solid waste. The LIBS

excitation source was a 1064-nm Nd:YAG laser with a
nominal pulse width of 10 ns and pulse energy of 300
mJ. The laser beam was expanded to 12 mm and then
focused to create the plasma by using a 75-mm-focal-
length, 50-mm-diameter UV-grade quartz lens. The 50-
mm lens also functioned to collect the plasma and atomic
emission. A schematic diagram of the LIBS system is
presented in Fig. 8. LIBS spectra were collected at 5 Hz
with the use of a spectrometer and time-gated charge-
coupled device (CCD) array. The CCD intensi® er gate
width was 3.5 m s, with a time delay of 6.0 m s from the
laser pulse. We used 1000-shot laser pulse sequences,
during which individual shots were analyzed in real time
for the presence of a given metal analyte. After each
1000-shot laser pulse sequence, the metal concentrations
were calculated by using a laboratory calibration scheme
based on integrated analyte peak intensity normalized by
the continuum plasma emission. True metal concentra-
tions were calculated on the basis of the average spectra
of identi® ed metal hits only, multiplied by the frequency
of hits, as expressed in Eq. 7. The data were collected
within a 2-h reference method (RM) sampling interval
that utilized extractive sampling and analytical techniques
in accordance with the EPA draft Method 29 standards.
The LIBS sample port was located 35 in. downstream
from the Method 29 sample port.

Chromium, manganese, and iron signals were mea-
sured consistently during the test cycle by using the con-
ditional data analysis approach. The typical LIBS `̀ hit’ ’
rates realized in the process stack were about 2%. For a
sampling rate of 2%, to ® rst order, the resulting signal-
to-noise ratio is improved by a factor of 50 with the con-
ditional analysis approach in comparison to an ensemble
average. Representative spectra are presented in Figs. 9
and 10 corresponding to the subset of hits for iron and
manganese, respectively, along with the 1000-shot en-
semble-averaged spectra. The signi® cant increase in an-
alyte signal is apparent in the two ® gures, demonstrating
the advantage of the conditional data analysis approach
for LIBS-based metals monitoring.

Metal concentration values were sequentially logged
throughout the 2-h reference method for the metal anal-
ytes of interest, namely, iron and the Clean Air Act met-
als chromium and manganese. The current prototype sys-
tem operated in a single-species detection mode and was
therefore cycled through the target species. Representa-
tive concentration data recorded for manganese are pre-
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FIG. 9. The 1000-shot average spectrum and the average spectrum for
identi® ed iron hits for LIBS data collected from a pyrolytic waste pro-
cessor ef¯ uent stream. The recorded EPA Reference Method 29 iron
concentration was 39.9 m g/acm. Spectra are presented with the same
intensity scale units and have been shifted vertically for clarity.

FIG. 10. The 1000-shot average spectrum and the average spectrum
for identi® ed manganese hits for LIBS data collected from a pyrolytic
waste processor ef¯ uent stream. The recorded EPA Reference Method
29 manganese concentration was 3.3 m g/acm. Spectra are presented with
the same intensity scale units and have been shifted vertically for clarity.

FIG. 11. LIBS manganese concentration data recorded as a function
of time in a pyrolytic waste processor ef¯ uent stream. The LIBS data
represent individual 3-min samples. The solid line is the EPA Reference
Method 29 manganese concentration value reported for the 2-h sample
period.

sented in Fig. 11. We note that the reported concentration
unit of m g/acm is approximately equal to a part per billion
on a mass basis. Also included in Fig. 11 is the 2-h av-
erage value reported for the Method 29 extractive sam-
pling. The average manganese concentration for the LIBS
data of Fig. 11 is 3.3 m g/acm, and is in exact agreement
with the Method 29 value of 3.3 m g/acm. Chromium was
measured at a concentration of 2 to 3 m g/acm and was
consistently 21% lower than the Method 29 values. Iron
was measured at concentrations from 40 to 140 m g/acm
and was consistently 36% lower than the Method 29 val-
ues.

As mentioned above, the particle sampling rates were
typically 2% and ranged from about 1 to 4%. For the
1000-shot laser pulse sequences utilized, these rates cor-
respond to a total number of particle hits on the order of
20, which is consistent with the necessary number of
samples as discussed with respect to the Monte Carlo
calculations. Overall, the experimental data are in excel-
lent agreement with the numerical simulation results and
demonstrate the quantitative application of the LIBS
technique to an actual process wastestream with ppb-level
metal ef¯ uent concentrations.

DISCUSSION

The important issue of metal particle sampling with a
LIBS-based ef¯ uent monitoring system has been eluci-
dated with the above calculations and LIBS ® eld data.
From our present analysis, the following two observa-
tions can be made: (1) the discrete nature of metal par-
ticulates in ef¯ uent waste streams can potentially be a
limiting factor in LIBS monitoring, and (2) appropriate
conditional data analysis schemes can greatly enhance the
sensitivity and applicability of a LIBS metals monitor.
The latter point is signi® cant, because while LIBS offers
the advantage of noninvasive, in situ monitoring, the
overall LIBS sensitivities to targeted RCRA metals lag
somewhat behind those of more mature technologies such
as ICP-AES. However, the unique single-shot data gen-

erated with the LIBS technique contain information that
may be exploited to expand the detectability range for
ef¯ uent monitoring.

Our calculations demonstrate that for submicrometer-
sized metal particle distributions and for ef¯ uent levels
of about 10 m g/acm (typical of many treatment process
wastestreams), LIBS particle sampling rates may fall to
1% or less. Under conditions of such low sampling rates,
simple time averaging of spectral data may or may not
be suf® cient for signal analysis. However, analysis of in-
dividual spectra from an ef¯ uent wastestream has re-
vealed the disparate nature of metal LIBS data. We have
shown that single-shot spectra may contain metal signals
20 times greater than the multishot-averaged metal sig-
nals. Because higher spectral signal levels offer increased
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signal-to-noise ratios, working with the discrete LIBS
spectra is desirable. Working with a select subset of
LIBS-generated data, however, presents several statistical
sampling problems. These issues were evaluated by using
Monte Carlo simulations. It was determined that the num-
ber of particles required to accurately characterize the
volume mean diameter or mass loading of rather broad
particle distributions was not great, approximately 20 par-
ticles. Hence, characterization of mass loadings may be
determined for low particle sampling rates ( ø 1%) with
sampling periods of 2± 3 min for a reasonable sampling
rate ( , 10 Hz). These numbers are consistent with real-
time emissions monitoring requirements and are compat-
ible with our prototype LIBS monitoring system param-
eters.

Another issue associated with the segregation of dis-
crete particle hits is the determination of overall ef¯ uent
concentraiton levels from the subset of LIBS data. Con-
sideration must be given to the overall data sampling pro-
cess, with emphasis on the introduction of potential sam-
ple bias. Any method of a priori particle detection, such
as light scattering or optical breakdown thresholding (i.e.,
breakdown triggered by a particle), may lead to signi® -
cant biasing with regard to both particle size and particle
composition. The conditional analysis approach that we
discuss avoids these problems by sampling at a ® xed la-
ser repetition rateÐ thus achieving a uniform, random
sample. Actual ef¯ uent concentration levels would be de-
termined from the combination of the sampling frequency
and the concentration of the spectral data for target par-
ticle hits only. This approach was demonstrated by using
Monte Carlo simulations for representative ef¯ uent con-
centration levels and particle size distributions. Our cal-
culations demonstrated that the conditional analysis ap-
proach yields accurate concentration values while signif-
icantly increasing the signal-to-noise ratios of the spectral
data. Assessment of a conditional analysis routine by us-
ing data collected from an actual waste processing ef¯ u-
ent stream provided very encouraging results. Speci® cal-
ly, wastestream concentrations of chromium, manganese,
and iron were determined, which were in very good
agreement with Method 29 reference data at levels that
were signi® cantly lower (factor of 30) than our estab-
lished minimum detectable concentrations for a simple
time-averaging mode. The resulting particle sampling
rates were on the order of several percentÐ values con-
sistent with our Monte Carlo calculations.

In addition to the use of LIBS data for metals concen-
tration monitoring, further spectral information is avail-
able. Speci® cally, single-shot spectra contain information
about the distribution of particulate mass loadings and
the partitioning and correlation of metal species. As a
research tool, for example, the analysis of individual
spectra may provide insight into the partitioning of metal
species onto ¯ y ash particulates. Such information may
be useful for the design of APCS or for air pollution
dispersion models. A statistical approach could be used
to determine the correlation of shot-to-shot signals be-
tween different metal species and with ash constituents
(i.e., Si and Fe). The amount of information potentially
available from the LIBS technique makes it a unique can-
didate for metals ef¯ uent monitoring.

CONCLUSION

A continuous emissions monitor for metals offers
several potential bene® ts to end-users, including the
possible curtailment of expensive front-end waste char-
acterization and allowing the selection of operational
strategies that maximize ef® ciency. The speci® c advan-
tage of the LIBS technique is that it can measure total
metals embedded in particles or in liquid aerosols,
which account for most of the metals emitted from haz-
ardous waste treatment processes, in a real-time, non-
invasive manner. The technological approach of LIBS
as a metals CEM has been veri® ed, but the key issue
of instrument response to actual wastestream condi-
tions remains. In this paper we have addressed the is-
sues associated with the discrete nature of many metal
ef¯ uents in the context of particle sampling statistics.
A Monte Carlo approach has been used to assess the
utility of a proposed conditional data analysis tech-
nique. The numerical simulations and experimental
data demonstrate that signi® cant increases in the LIBS
signal-to-noise ratio are attainable by using a statistical
approach. The overall sensitivity and applicability of
the LIBS technique as a metals CEM may in fact be
de® ned on a case-by-case basis as determined by par-
ticular wastestream characteristics. Fine tuning the
overall instrument to speci® c conditions may lead to
enhanced sensitivity and performance.
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