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ABSTRACT

Researchers have applied open path optical sensing tech-
niques to a variety of workplace and environmental moni-
toring problems. Usually these data are reported in terms
of a path-average (or path-integrated) concentration. When
assessing potential human exposures along a beam path,
this path-average value is not always informative, since
concentrations along the path can vary substantially from
the beam average. The focus of this research is to arrive at a
method for estimating the upper-bound in contaminant
concentrations over a fixed open beam path. The approach
taken here uses a statistical model to estimate an upper-
bound concentration based on a combination of the path-
average and a measure of the spatial variability computed
from point samples along the beam path. Results of com-
puter simulations and experimental testing in a controlled

IMPLICATIONS

Many environmental regulations and emergency decisions
are based on maximum allowable air concentrations,
whether at a fence line, near an area source, or at an
indoor worksite. In principle, open path monitoring con-
tinuously samples all points along a beam path and can
better identify any potential emissions compared to a few
point monitors. However, open path sampling produces
path-integrated data, which can be interpreted as the spa-
tial average over points arrayed in a line. Using only the
simplest reduction of the data as a path-average makes
interpretation of the results in terms of a maximum con-
centration problematic. This paper presents a statistical
framework for combining point and open path sample data
to estimate the maximum concentration anywhere along
the beam path. Experimental validation indicates that this
approach should provide good estimates of maximum con-
centration from open path monitoring.
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ventilation chamber indicate that the model produced con-
servative estimates for the maximum concentration along
the beam path. This approach may have many applications
for open path monitoring in workplaces or wherever maxi-
mum concentrations are a concern.

INTRODUCTION

The first studies to report optical remote sensing of emis-
sions appeared in the literature almost two decades ago.
Initial experiments using open path infrared beams to moni-
tor the atmosphere are summarized in the work of Stevens
and Herget.! These remote sensing systems offered a glimpse
of a revolutionary new technology where monitoring sys-
tems could “look across” an environmental site, locate air
contaminants, and quantify the concentrations.? Although
early instruments appeared promising, they were so large
that they occupied a 40-ft trailer.® Early work applied this
technique to monitoring stacks and other fixed location
sources; later research began investigating open path moni-
toring for vehicle emissions and mobile sources.*

Fourier transform infrared (FTIR) spectroscopy for
workplace sampling was introduced in the 1980s.° Early
research used a gas cell instrument and collected samples
with conventional pumps but demonstrated the practi-
cal utility of FTIR analysis methods for sampling indus-
trial chemicals.®” Later research conducted the first open
path FTIR (OP-FTIR) field studies for workplace sampling
of volatile organic solvents and chamber studies to vali-
date the analytical accuracy of OP-FTIR methods in com-
parison to conventional flame ionization point sampling.®
19Tn recent years, research has provided important new OP-
FTIR methods for workplace sampling including a new tech-
nique for generating background spectra,'! the use of time
series analysis to detect changes from normal operation and
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the first field testing of fixed beam monitoring for pro-
cess control,'? and the first experimental testing of com-
puted tomography methods for reconstructing gaseous
contaminant distributions indoors."*-!” This research has
significantly advanced OP-FTIR technology from a labo-
ratory curiosity to a valuable, practical tool for workplace
and environmental monitoring.

Significance for Exposure Monitoring
Exposure characterization remains a central feature of
regulatory and industrial hygiene decisionmaking; it
guides decisions about regulatory compliance and the al-
location of resources for intervention. Development of
OP-FTIR technology for exposure monitoring is impor-
tant for two reasons: (1) convenient routine exposure as-
sessment is crucial to decisionmaking and (2) the dearth
of reasonable alternative sampling methods for labile,
volatile, or polar compounds alone or when they occur as
components in complex mixtures.

Characterization of exposures for a variety of situa-
tions remains difficult. As an example, consider the situ-
ation for monitoring exposures in workplaces. A recent
American Conference of Government Industrial Hygien-
ists Threshold Limit Values (ACGIH-TLV) booklet lists
about 160 compounds with Short-Term Exposure (STE)
limits or ceiling values, which account for more than 20%
of all the listings. A ceiling limit is a maximum value never
to be exceeded, while STE represents an average concen-
tration over any 15-min period. Sampling for these com-
pounds, which have short-term or ceiling limits, is often
problematic because of the difficulty of selecting a repre-
sentative peak exposure sampling interval and the high
variability of short-term point samples. Some compounds,
particularly reactive species, polar species, or complex
mixtures, can be difficult to sample with conventional
methods. In these situations, OP-FTIR sampling provides
the advantage of (1) measuring agents in situ without the
need for pumps, tubes, or other sampling apparatus that
might introduce sampling losses; (2) rapid, continuous
measurements with sample intervals as fast as a few sec-
onds; (3) the ability to resolve individual components in
complex mixtures; and (4) the ability to qualitatively iden-
tify unknown chemical species or intermediate reaction
products.

An OP-FTIR spectrometer measures the amount of
infrared light absorbed at specific wavelengths by mol-
ecules along a beam path, providing an estimate of the
quantity of contaminants inside the volume of the beam
path. All molecules of a particular contaminant in the beam
path volume contribute to the measured absorbance, so
the instrument measures the integrated absorbance from
molecules over the total path length, usually expressed
as ppm-meters. Dividing the measured path-integrated
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concentration by the total path length gives the path-
average concentration.

However, when assessing potential exposures along
a beam path, this calculated path-averaged concentration
is not always informative since concentrations at points
along the path can vary substantially from the path-aver-
age. In general, the path-average will differ from an
individual’s average exposure. In fact, the path-average
concentration equals the personal exposure only in well
mixed situations. A fixed beam instrument can make no
distinction, for example, between 1 ppm of a contami-
nant well mixed throughout a 100-m beam path and
100 ppm of contaminant all contained only within 1 m
of an otherwise uncontaminated 100-m beam path. The
two different scenarios would yield the same path-inte-
grated measurement of 100 ppm-meters. Because the path
length is the same, both situations also would have the
same calculated path-average concentration (1 ppm). Yet
for human exposure assessment or regulatory decisions
the distinction between these two situations can be vital.

The objective of this work was to determine if practi-
cal limits on personal exposure along a beam path can be
constructed from beam data under various mixing condi-
tions. We describe how the beam path-average can give
useful estimates of the highest likely exposures using an
appropriate statistical model and a measure of the spatial
variability in contaminant concentrations along the beam
path. The solution developed here involves two impor-
tant insights: (1) the maximum likely concentration de-
pends upon the degree of spatial variability in concentra-
tions along the beam path, and (2) one can make a statis-
tical prediction of the upper-bound based upon a beam
path-averaged measurement and a measure of the spatial
variation in concentration derived from concurrent point
samples taken at fixed locations along the beam. These
two ideas are explored further below in a conceptual model
describing the degree of mixing along the beam path.

The Gamma Model
The underlying model for predicting maximum exposures
along a beam path is depicted in Figure 1. Consider a beam
path with total volume, V, divided into N = 10 equal sized
control segments V (i = 1,2,.....N). Each control segment
(V) is assumed to contain a homogeneous concentration
C, and is of some fixed breathing zone dimensions (e.g., a
cylinder of 30-cm [1 ft] long with the circular cross sec-
tion of the beam [typically 20-30-cm diameter]. Alterna-
tively, for a well-collimated beam of constant diameter
one could define a control segment length, L, and N would
represent the number of these segments in the total beam
path length L. The maximum personal exposure is just the
maximum concentration, or upper-bound concentration
(C,..=Maximum({C}), among these N control segments of

max
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the beam path. This concentration maximum in turn
depends on how the contaminant molecules are dispersed
along the beam path.

A mixing factor, gamma (y), can be used to relate the
maximum concentration along the beam (C__ ) to the
beam average concentration, C,. Gamma is bounded
within a range of [L/L, 1] by two extreme cases, which
characterize the degree of departure from the beam path-
averaged concentration in Figure 1. In the “best case”
corresponding to perfect mixing along the beam path,
C,..= C, =10 ppm, and y equals 1/N; in the “worst case,”
all the contaminant molecules reside only in a single con-
trol segment, C__ = (L/ L) * C, =100 ppm and y=1. In
practice, y will lie between these two extremes with its
value depending upon the spatial inhomogeneity in con-
centration. From the preceding we can generalize this con-
cept to any number of control segments along the beam
path by the equation

L
Cmax:yElL_l:Cb:yDN[Cb )]

where L = total beam path length, L, = control seg-
ment length, N = the number of control segments, C,
= beam path-average concentration, C = upper-
bound concentration associated with control segment
L, andy = a mixing factor relating the maximum con-
centration to the path average.

Various factors contribute to y or the mixing along a
path. The spatial variability in contaminant levels for a
given exposure environment depends upon both source
characteristics and dispersion or ventilation conditions.
An indoor exposure environment at steady state with fixed
source locations or a fairly constant air exchange rate
would have a characteristic yvalue and appear nearly time-

The Model in Two Extreme Cases
where: N=L/L;j and Cp= 10 ppm

Best Case: Y= 1/N=1/10
Crax = YNCp= (1/10)(10)(10)= 10 ppm

10 ppm-m|

—
e E ) ) i ) ) ] o)

Worst Case: Y= 1
Cinax = YNCp = (1)(10)(10)= 100 ppm
10 ppm-m

DD DMOD O O o

Figure 1. Schematic of the gamma model under two extreme
situations, corresponding to completely homogeneous and
inhomogenous concentration distributions along a beam path.
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stationary. Combining this y value along with real-time
C, measurements would provide an estimate of the up-
per-bound concentration over a beam path and the prob-
able approximate location.

The critical feature for applying this model to OP-
FTIR monitoring is to arrive at a practical method for
estimating y over a given beam path. The approach
taken here is to obtain a combination of beam path
and point sample data to experimentally estimate y.
For example, this could take the form of a “calibration
experiment,” deploying a series of sampling pumps and
bags along the beam path to collect the point sample
data. To avoid further complexities introduced by dif-
ferent averaging times, we will describe here only situ-
ations where the beam and point samples are collected
over the same time period.

Estimating Gamma
A direct method of determining y would use N point sam-
plers uniformly spaced along the beam path to measure
concentrations in all N control segments. Simultaneously
an average beam concentration C, is measured with an OP-
FTIR system along with the maximum concentration
Max{C} observed from the array of point samplers. Then
the sample estimate (indicated by a hat symbol, *) fory is

Maxq{C}

2
(NIC,) @

V=
There are several weaknesses associated with this estimate
for y. One weakness arises from the assumption of a ho-
mogeneous concentration in each control segment L. A
limited number of discrete point samplers may not nec-
essarily capture the real maximum concentration, result-
ing in an underestimation of the true y. Second, the pre-
cision of the y estimate may be poor, due to the poten-
tially high variability of Max{Ci}. Finally, for moderately
long beam paths of, say, >30 m, this approach requires an
unrealistic number of point samples.

An alternative procedure for estimating y can be based
on the relationship between y and some measure of the
spatial variability of concentrations along a beam path.
As a measure of this spatial variability, we propose a spa-
tial coefficient of variation, CV ,defined as

T —

SC-CY

cv, = i\ = )
c,

where C, is the beam path-average concentration measured
by the OP-FTIR, and C, represents the individual point con-
centrations measured at the ith discrete location along the
beam path. Note that C,, the beam average, appears here in
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the definition of CV_ instead of the Average{C}. Although
the two averages are theoretically equal given the assump-
tion of a homogeneous concentration in each L, they are
not necessarily equal in practice, especially when a more
limited number of point samplers are used. We use C, in
computing spatial variability because it always represents
the true average value of contaminant concentration over
all possible locations along the beam path.

Since CV_describes the spatial variability or mixing
conditions along the beam, presumably CV_ will be a rea-
sonably good predictor of yand some functional relation-
ship exists between the two quantities (i.e., y = {CV{}).
Knowing the functional relationship between these vari-
ables, one could predict y from a sample estimate of CV..
This approach avoids the weaknesses of the previous di-
rect method based on measuring Max{C } for two reasons.
First, CV_ gives a summary statistic derived from all
sampled locations. Consequently it has less variability
compared to that of the single maximum value, thereby
yielding a y estimate with improved stability. Second, a
sample estimate of CV_may be less sensitive to decreas-
ing the number of point samples compared to estimating
Max{C}. This latter advantage has practical importance
because a useful estimate of ymay be obtained with rela-
tively few point samples.

To explore this concept further, we undertook com-
puter simulation experiments to determine the relation-
ship between yand CV_. The results of these simulation
experiments, presented below, indicate the existence of a
quasi-linear relationship between CV_and y. More impor-
tantly, the simulations show that this relationship can be
bounded in all cases by a line.

Simulation Tests

Computer simulation experiments were used to study the
relationship between CV, and y. A random concentration
value was assigned to each of N control segments for a fixed
beam path length, creating one computer realization of a
mixing condition. CV_and ywere then calculated from the
N concentrations and stored. A wide range of spatial varia-
tions in concentrations along a beam path were created by
repeating the simulation many times with different lengths
and also using different random simulation algorithms.

Note that the value of CV_ or y does not depend on
the functional form of the spatial distribution (e.g.,
Gaussian, triangle, or log-normal) used for concentrations
along the path. This is easily demonstrated for a given
realization of {C} distributed among N compartments,
becausey, C,, and CV_remain invariant regardless of how
the N compartments are rearranged, sorted, or ordered.
This adds to the robustness of the estimation method since
it involves no assumptions about the spatial distribution
of the contaminant.
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Simulation Results
Figure 2 shows the relationship between CV_and y for a
realization of N = 10 control segments resulting from 200
computer simulation runs. From many such simulations,
we postulated the existence of a near-linear relationship
between CV_andy, with the maximum value bounded by
a line given by

1
v=1 CL_N) [CV (4)
=t —
YINTUN-DY
and
Cox =YINIC, =C, SN_l) [C, [CV;
v(N-1)

©®)

The line represented by eq 4 (also shown in Figure 2) gives
an upper-bound line for all realizations of yand CV.. The
parameters for the equation of this line are determined
by the two extremes discussed earlier as the well mixed
case and the single compartment or worst case conditions:
for the well mixed case, CV =0 and y=L/L = 1/N; for the
worst case, y=1and CV =CV___= ./(N-1). The derivation
for CV _ used to obtain the upper limit is given in the
Appendix.

The relationship between CV_ and y remains consis-
tent under various simulation algorithms. After trying sev-
eral approaches, we settled on the following method, which
efficiently generated a wide range of yand CV_ values. This
algorithm, used extensively to generate the simulation re-
sults reported here, included two steps. First, randomly se-
lect K control segments (K < N) to have nonzero concentra-
tions. Second, assign a random concentration uniformly
distributed in the range of (0, C) independently to each of

©

£

£

©

O = L] Simulation data
Predicted
upperbound

0 0.5 1 1.5 2 2.5 3

Spatial Coefficient of Variation (CVs)

Figure 2. Scatterplot of computer simulation results for the gamma
model along a three-meter (10-ft) beam path. The points represent the
outcome of each random realization of a beam concentration distribution,
while the line represents the upper-bound y value predicted from the
linear model in eq 4.
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the K control segments. Then calculate CV_and yand store
the values. The actual magnitude of C for the simulation
algorithm was arbitrary and can be viewed as the maxi-
mum possible concentration of a contaminant occurring
along the beam path. Regardless of the algorithm used, we
found that eq 4 provided a conservative upper-bound yvalue
for a particular value of CV_. Conversely, given a sample
estimate of CV it should be possible to use eq S to generate an
estimate of the upper-bound concentration along a beam path.

Experimental Verification of
the Simulation Results

Based on theoretical and simulation results, we next con-
ducted a series of chamber experiments with SF, as a tracer
gas to test the gamma model. The experiments were con-
ducted in a controlled ventilation chamber that has been
described previously. ? As a practical experimental mat-
ter, we had to define a reasonable minimum control seg-
ment so that all possible control segments along the path
could be sampled in our studies. We assumed that the
spacing between samplers, and therefore the length of a
control segment for a person’s breathing zone, is about
30 cm (1 ft) along a 20-cm diameter beam path. Our use
of one point sampler per beam segment is required only
in the context of our experimental validation tests, which
used eq 2 to find y. In general, it is not a constraint when
applying the gamma model in a field situation where only
a sample estimate of CV_ is desired.

Conventional point samples were drawn for 15-min
intervals using personal sampling pumps and sampling
bags; these bag samples were subsequently analyzed us-
ing a Briel and Kjeer (B&K) 1302 photoacoustic gas ana-
lyzer. The B&K photoacoustic analyzer was calibrated us-
ing 1 ppm and 50 ppm 2% span gas references. An MDA
OP-FTIR system simultaneously collected path-averaged
data during the 15-min sampling period. The OP-FTIR data
were subsequently analyzed using a 10 ppm-meter library
reference spectrum of sulfur hexafluoride and classical
least squares quantification with LabCalc software.

A series of eight experiments in the test chamber used
a 3-m (10-ft) beam path and 10 Tedlar bag samplers spaced
at equal intervals along the beam path to measure con-
centrations in each control segment. We produced vari-
ous mixing conditions by placing two tracer sources at
different distances relative to the beam path or by adjust-
ing the source strength and location.

Figure 3 presents the observed and predicted results
for y. These results agreed very well with the simulations,
and the predicted maximum value for yfrom eq 4. In these
experiments, y increases almost linearly with an increas-
ing value of CV_. Further, the y value predicted by eq 4
shows a close correspondence to the observed values
of y from the experiments but in every case remained
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conservative. We attempted to create a wide range of CV_
values in the experiments, which have a theoretical up-
per-bound of CV = 3 as described in the Appendix (based
on N = 10 control segments along the path). But, appar-
ently, values of CV_ that are much beyond 2 are difficult
to obtain in our experimental setting, and the highest
observed value was only approximately 80% of the ex-
pected range.

Figure 4 presents a comparison of the maximum val-
ues predicted by eq S for these experiments and the ob-
served maximum concentration along the path. Of course,
given the correspondence in y values in Figure 3, the up-
per-bound also agrees closely with the observations. Still,
Figure 4 illustrates that, in every case, the model predicts
a conservative upper-bound, and this predicted maximum
shows fairly precise agreement with the observed maxi-
mum measured with the closely spaced point samplers.

Chamber Experiments Simulating
Exposure Conditions

A second series of 20 experiments was undertaken to pro-
vide a somewhat more realistic test of field conditions. In
these experiments, only a few point samplers were used
along a beam path to obtain a sample estimate of CV. The
uppet-bound concentration predicted by the gamma model
from this sample CV_and the beam average was then com-
pared to the STE observed for an individual walking along
the beam path. Further details of the experimental setup
are described elsewhere,'?> so only a brief account appears
here related to the setup shown in Figure 5.

In this experimental series, we equally spaced seven
bag samplers along a 7.3-m beam path. An acetone vapor
generator provided the tracer gas. Two 1-cm ceramic ball
diffusers were used as point emission sources. One dif-
fuser was located in the inlet plenum and was well mixed

GAMMA
o
IS

0 0.5 1 1.5 2 2.5

Spatial coefficient of variation (CVs)

° gamma observed predicted upperbound

Figure 3. Scatterplot of experimental results for the gamma
model from chamber studies of a 3-m (10-ft) beam path. The
points represent the outcome of 10 experiments where beam
concentration distributions were measured simultaneously with
point samplers in each control segment and with an OP-FTIR
measuring the entire beam path. The line represents the upper-
bound yvalue predicted from the linear model in eq 4. In all cases
the linear model gives conservative (higher) y values.
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Maximum concentrations predicted by gamma model

CONCENTRATION
(PPM)

0.54 0.79 1.08 1.15 1.24 2.1 2.35

Spatial coefficient of variation (CVs)

| D Maximum point sample D Predicted upperbound |

Figure 4. Plot of observed and predicted maximum concentrations
from experimental chamber studies of a 3-m (10-ft) beam path. The
bars represent the outcome of 10 experiments with concentrations
measured simultaneously with point samplers in each control segment
and an OP-FTIR covering the entire beam path. Predicted maximum
values were generated based on eq 5. In all cases the linear gamma
model gives conservative (higher) values.

with the incoming air to create a general room back-
ground. The second point source was located inside the
chamber upwind of the beam path to simulate a local
high concentration plume. We produced various spatial
tracer gas distribution conditions in our chamber by
changing the ventilation in the room, the location of
the leak source, and emission rates from the two
sources. Different ventilation conditions were obtained

Yost, Hashmonay, Zhou, Spear, Park, and Levine

by using additional mixing fans (see Figure 5) and chang-
ing air exchange rates in the chamber to give room time
constants of 1.5 or 5 min. During the experiments, the
background source in the inlet plenum was switched on
and off at 1-min intervals by a computer-controlled valve
according to a binary random sequence to simulate nor-
mal source variability.

Each experiment lasted approximately 45 min. Bag
samples were collected along the beam path for consecu-
tive 15-min intervals during a test using sample pumps
drawing 0.2 L/min into 10-L Tedlar bags. At the end of a
session all bags were analyzed with a flame ionization
detector (FID), calibrated for acetone as described below.
During a session, FTIR interferograms were collected at
two scans per second (2 cm™ spectral resolution), co-aver-
aged over 30-sec intervals, and stored for later analysis.
The FTIR data analysis used CLS quantification with 30-
sec values averaged into 15-min averages corresponding
to the same time intervals as the bag samples.

As part of the experiments, a person wearing a real-
time sampler walked along the beam path. In about 1-
min intervals the subject moved to one of 4 randomly
assigned locations (A, B, C, D) representing four of the
24 possible control segments along the beam path. A
sampling tube connected to the FID provided real-time

OUTLET PLENUM

Cap

1 ]

c d

Detector

RRREEN

IR Source

INLET PLENUM

[ ] Bag sample

(> “Worker position”

OP-FTIR beam path

@ Vapor source

Not to scale

Figure 5. Diagram of the experimental setup for chamber studies of personal exposures along a 7.3-m beam path. Locations a—g correspond to the
point samplers uniformly spaced along the path. Locations A-D correspond to one realization of four subject positions randomly assigned during an
experimental session. Note that subject locations do not necessarily correspond to point sampler locations.
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measurements of the acetone concentration in the breath-
ing zone; the response time of the FID (0 to 90%) was
about 10 sec. The FID electronic signal was sent to a data
logger (1 sample/sec) and averaged over 15-min intervals
to create a STE personal sample value during the session.
The FID was calibrated at 50 and 200 ppm +2% with span
gas from cylinders (Scott Specialty Gas).

Each 15-min interval was taken as one realization of
a gamma model that generated (1) averages from the FTIR,
(2) point samples for estimating y along the beam path,
and (3) a 15-min STE personal exposure. The results of
these experiments comparing the C,  predicted by the
gamma model and the personal exposures appear in Fig-
ure 6. These experiments achieved a somewhat wider range
of CV_ values but still well below the theoretical maxi-
mum of 4.8 In all cases, the gamma model with sample
estimates of CV_ predicted a conservative upper-bound
concentration compared to the actual 15-min STE from
the personal sampler.

DISCUSSION
Often in practice the number of point samples will be much
less than the number of control segments, so these only
yield an estimate of the true CV. For example, our tests
only sampled one-third of the control segments in the 7.3-
m path. When sampling to estimate y, the underlying sta-
tistical distribution of concentration values becomes im-
portant in evaluating the number of samples required to
achieve some desired precision. Using more point samples
should produce a better y estimate, but because we lack in-
formation on the statistical distribution of point samples,
it remains somewhat unclear how many samples to take to
get a stable estimate. For example, if {C} has a normal dis-
tribution, then one could use a chi-square distribution to
construct a confidence interval around CV, for a particular
sample size. Yet at least in extreme cases, the distribution
probably is not normal, approaching a binary condition
(e.g., either high or low concentration) in the worst case. A
similar problem arises in how to arrange point samples along
the beam path; ideally, randomly sampling compartments
along a beam path achieves an unbiased estimate. How-
ever, when only a few points will be measured, uniformly
spaced sampling seems a reasonable strategy since random
assignment may sometimes “clump” samples together along
the path. Further evaluation of sampling schemes could be
done by computer simulation studies, provided some rea-
sonable distribution assumptions can be applied.
Examining the equations for the gamma model pro-
vides additional insight into the statistical framework. We
know that the limiting case where y = 1 represents a bi-
nary spatial concentration distribution. Let us define f)\ =
1/N as the minimum proportion of the beam path con-
taining high contaminant levels and q = (1 - ﬁ) as the
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Figure 6. The plot shows the ratio of personal 15-min short-term
exposure limit (STE) concentrations divided by the maximum
concentrations predicted with eq 5. This comparison is given for several
values of CV_. Data bars represent the average and standard error of
mean of three or four trials per GV, condition from the experimental
chamber studies of a person standing at random locations along a
7.3-m (24-ft) beam path. Concentrations were measured simultaneously
with a real-time monitor in the breathing zone, an OP-FTIR measuring
the entire path, and seven point samplers uniformly spaced along the
beam path. In all cases, the gamma model gives conservative (higher)
estimated maximum values compared to a personal STE value over
the same time interval, with a trend toward more conservative
predictions at higher values of CVs.

proportion containing low (or possibly zero) concentra-
tions. With some manipulation, one can rewrite eq 4 in
the form

1k
. =S5 (C. -C,.)?
L - VS o - \“‘k;( i b)
y =p+qE_—= =p+q0 =
CVyix NLC, /P (g

The above equation suggests that the y estimate expressed
in eq 4 comes from the limiting binary concentration dis-
tribution. This gamma estimate represents a weighted lin-
ear combination of the proportion of the beam containing
high and low concentrations. The weighting factor is the
ratio of the observed variability from the k point samples
(where k < N) over the variability of the limiting binary case.
The gamma estimate in eq 6 selects this binary concentra-
tion distribution so it has the same mean and variance as
that observed from the beam and point samples. Thus,
another interpretation to the gamma model is that it repre-
sents any observed spatial concentration distribution in
terms of a limiting binary case: a single control segment
having a high concentration of C,  and the remaining beam
having a lower concentration of

Cow =(1-Yy)[C, dN/(N -1 )
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We also note that eq 7 suggests an alternative way of esti-
mating vy, based on obtaining a sample estimate of C, |
rather than based on CV.. For example, we could choose

to estimate C, by taking the average concentration of all

low
the point samples with values below the beam average,
that is é]gw
where y really is close to 1, this method of estimating y
may be more efficient since it is quite likely that a point
sample will come from a control segment representing
the lower bound concentration.

To investigate the effects of sampling on y estimates,
we conducted a type of bootstrap analysis on the data
described earlier in connection with Figures 3 and 4. We
performed 200 trials each having a random sample with-
out replacement of size k = 2, 3, 4, 6 from the 10 points
measured along a beam path. We estimated gamma with
eqs 6 and 7 (calculating €, as suggested above) for each
trial and compared the sample estimates to the true y val-
ues based on knowing all points along the path. The re-
sults are shown in Table 1, expressed as the percentage
error in the sample estimate. With a large sample size (k =
6), the CV_equation always produced unbiased estimates

= Average{ C, | C, < C, }. In extreme situations

low

with average error near zero. The CV_ equation produced
relatively unbiased estimates even for small sample sizes
with y < 0.5, but shows a tendency to underestimate v,
which grows quite severe in some cases (y = 0.7). As an-
ticipated, for large y values (y 2 0.7) eq 7 appears to per-
form better, but at intermediate y values, it has a large,
although conservative, bias. Both methods of estimating
ycan have considerable variability when based on a small
number of samples. Again as expected, for moderate y
values eq 6 seems to have lower variability, whereas at
extreme values eq 7 performs better.

The above analysis supports and amplifies the obser-
vations made earlier in the discussion: The performance
of sample y estimates largely depends on the underlying
statistical distribution of {CJ. The gamma model is the
limiting binary case regardless of the sample distribution.
However, the sample distribution can strongly influence

Table 1. Percent error in yestimates based on bootstrap analysis of experimental data.
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the parameter estimators (i.e., évs or C,,) for the gamma

low:
model. We presented two approaches for estimating y, but
further research could examine parameter estimators that
are robust and efficient for minimal sample size.

The gamma model was intended primarily for work-
place monitoring, where it could be applied either to short-
term exposure (e.g., STE values) or long-term (e.g., full-
shift TWA) monitoring. For example, different y values
could be derived to estimate 15-min upper-bounds versus
8-hr upper limits, which may have different variability.
In either case the beam and point samples should be av-
eraged over the same time interval. Applying short-term
measurements to estimate long-term maxima could prove
difficult due to the autocorrelation and typically higher
variability found in short-term data and the potential for
nonrepresentative sampling conditions.

We purposely restricted our experiments to situations
having concurrent point and beam samples and to esti-
mating the upper-bound during the sampling interval. This
rather narrow set of conditions was selected because it pro-
vided a statistically rigorous test of the gamma model. In
actual practice we would like to limit the need for costly
and difficult point sampling. Perhaps a more typical appli-
cation would involve taking point and beam samples at
one time, estimating y, and then applying the y value in
subsequent time intervals with new beam data to estimate
an upper-bound. This approach of using a sort of “calibra-
tion experiment” involves the important additional assump-
tion of a time-stationary mixing condition along the beam
path. In many indoor workplaces with mechanical ventila-
tion, this assumption may be justified, but in outdoor set-
tings it may prove tenuous. In outdoor situations it may be
necessary to incorporate meteorological data or other indi-
cators of atmospheric mixing conditions rather than at-
tempt to continuously gather both beam and point samples.
Thus, outdoors a more practical approach may be to com-
bine mixing factors derived from dispersion modeling with
the gamma model to update the upper-bound estimates.
This would be a likely avenue for future research.

Estimated by eq 6

Estimated by eq 7°

Number of point samples

Number of point samples

True y* 2 3 4 6 2 3 4 6

0.2 017" 0+14 010 146 3558 28 +44 27 +34 27 22
0.3 -4+20 -1+16 013 09 68 +53 69 +36 68 +31 7220
0.4 -7 +28 -6+23 -3+18 -1+13 89+29 9122 88 22 9015
0.5 -9+35 0+31 -5+25 0+18 7912 79+11 79+8 80 £5
0.7 -22 +40 -12£43 -16 £43 -4+33 1722 14+19 1413 15+10
0.8 -32+£35 -20 £40 -13x41 -5+35 6+29 222 5+18 413

¢ Expected y value if all points in the beam path are sampled. ® Al values are average % error % standard deviation from 200 random trials. © me gstimated by the average of all point

samples < beam path-average.
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Working with our collaborators in industry, we had
an opportunity to discuss the type of practical applica-
tions this work might address. One such application that
sparked interest concerned the use of OP-FTIR monitor-
ing to determine respiratory protection requirements for
workers entering normally unoccupied areas for mainte-
nance or other episodic operations. This problem also
applies to waste sites, which may require workers to wear
a self-contained breathing apparatus (SCBA) because of
the uncertainty about exposures rather than because of
any measured exposure hazard. In both applications, OP-
FTIR measurements may provide useful information re-
garding the appropriate respirator requirements.

Alternatively, we can view this work in the context
of the NIOSH respiratory protection decision logic.!® The
decision logic specifies three key requirements for when
to allow the use of air-purifying respirators: (1) knowl-
edge of the identity of all air contaminants, (2) knowl-
edge of the air concentration of air contaminants, and
(3) whether conditions immediately dangerous to life or
health (conditions IDLH) may occur. If the above are un-
determined, the default selection of personal protective
equipment reverts to a supplied air respirator or SCBA; if
the identity and concentration of the contaminants are
known, adequate warning properties exist (e.g., odor or
irritating properties) at levels below the permissible ex-
posure limits and where conditions IDLH cannot occur,
air-purifying respirators or working without respirators
may be permitted.

Our results indicate that beam path monitoring
coupled with some knowledge of y may provide the in-
formation needed to address the above requirements.
Therefore, using OP-FTIR to estimate maximum concen-
trations could have applications to decisions regarding
personnel protective equipment in workplaces or at waste
sites and in adjacent fence line areas.'?° Also, OP-FTIR
technology can effectively monitor mixtures, labile, or
polar compounds as well as more common volatile or-
ganics, which other monitoring systems target. With the
availability of OP-FTIR systems, the appropriate level of
respiratory protection may be chosen based on real data
rather than on uninformed default assumptions.

The practical implications of this work are that the
gamma model provides a statistical framework for pre-
dicting maximum personal exposures along a fixed beam
path. In the worst case, available without any knowl-
edge of point samples, the concentration is no higher
than the beam concentration multiplied by the num-
ber of control segments of some minimum defined size.
Typically, this worst case estimate is extremely con-
servative. By using point samplers along the beam path,
one can measure spatial variability or some other pa-
rameter and refine the upper-bound estimate along the
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path. Importantly, it appears from these experiments that
the gamma model also offers reasonable bounds on STEs
measured along the beam path.

The need for using point samplers comes about be-
cause the beam path was fixed in these studies. However,
with a scanning beam system it becomes possible to seg-
ment the OP-FTIR beam path to gather information on
the spatial distribution of contaminants along the path.?!
If this information can be used to estimate y, then a scan-
ning beam system may require little or no point sampling
information to estimate maximum exposures, a hypoth-
esis we propose to explore in future research.
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APPENDIX

Derivation of CVpax

N
ZC,- =N C;;
Given: =

Var{C)}=— Z(c -Gy
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i1 i=1 i=1
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N
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So, since

zN‘,cf <(ﬁ‘,c,. )2

i=1 i=1
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So maximum variance occurs in the worst case where

C¢ =N * Cp and all other cells have zero.

(G = (V-G =G = G N=1)

So,
OV = L2 _ N _
Cb

=JN-D
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