Ann. occup. Hyg., Vol. 49, No. 1, pp. 61-71, 2005
© 2004 British Occupational Hygiene Society
Published by Oxford University Press
doi:10.1093/annhyg/meh078

Applying Open-Path FTIR with Computed

Tomography to Evaluate Personal Exposures.
Part 1: Simulation Studies
CHANG-FU WU!¥, MICHAEL G. YOST!, RAM A. HASHMONAY?,

TIMOTHY V. LARSON? and STEVEN E. GUFFEY*

'Department of Environmental and Occupational Health Sciences, Box 357234, University of
Washington, Seattle, WA 98195, 2ARCADIS, PO Box 13109, Research Triangle Park, NC 27709;
’Department of Civil and Environmental Engineering, Box 352700, University of Washington,
Seattle, WA 98195; *Department of Industrial and Management Systems Engineering, West Virginia

University, Morgantown, WV 26506, USA

Received 5 August 2003; in final form 19 August 2004; published online 13 December 2004

This paper presents the theoretical background and the numerical evaluation results obtained
using computed tomography coupled with open-path Fourier transform infrared (CT-FTIR)
measurements to estimate personal exposures. In this simulation study, we first tested the one-
dimensional scenario with a five-beam segment geometry. A series of Gaussian plumes and the
corresponding path-integrated concentrations (PICs) were simulated. The personal exposures
were estimated as the average of the point estimates calculated from the workers’ locations and
the concentration profiles reconstructed from the Smooth Basis Function Minimization
algorithm. It was found that the running-average PIC updating strategy has similar perfor-
mance as the spline PIC updating strategy. However, the latter strategy gives delayed estimates
of the workers’ exposures since it requires additional measurements before and after the time
period of interest. In the two-dimensional scenario, we simulated a series of single-mode
bivariate Gaussian plumes with a nine-beam radial geometry. The average of the estimated
exposures from the CT-FTIR approach was close to the average of the true exposures. The
concordance correlation factors between the true and estimated exposures were reasonably
good (between 0.50 and 0.58). This study demonstrated that the CT-FTIR approach is feasible

for industrial hygiene monitoring.
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INTRODUCTION

In the field of industrial hygiene, personal exposures
are usually evaluated using either sampling pumps
with appropriate collecting media or passive sam-
pling devices. The monitoring equipment is placed
on the workers and air samples are collected for a full
working shift; measurements are then compared with
the 8 h time weighted average (TWA) exposure
limits. However, in addition to the 8 h TWA
standards, there are also concerns about short-term
exposures. Currently, 25% of the compounds listed
by the American Conference of Governmental
Industrial Hygienists (ACGIH) have a short-term
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exposure limit (STEL) or ceiling value. Evaluations
of STEL exposures are generally more difficult than
evaluations of 8 h TWA exposures for several rea-
sons. First, most personal sampling technologies (e.g.
charcoal tube sampling) require minimum sample
periods of hours, not minutes, for accurate laboratory
analyses. Second, taking consecutive 15 min samples
over a long period of time is labor intensive
and interferes with normal working practices.
Third, they generally require later analyses, making
immediate feedback of results difficult or impossible.
When acutely toxic agents are present, the time lag bet-
ween sampling and analysis may be unacceptable.
Although some modern real-time monitors may
be used to evaluate the short-term exposure levels
in situ, they only can monitor certain types of air
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contaminants. Each type of contaminant needs a
specific type of detector. In other words, prior
knowledge about the chemical properties of the
existing gases or vapors is required, but is not always
available.

To overcome some of these problems, we propose
to use an optical remote sensing (ORS) technique to
monitor personal exposures. More specifically, we
emphasize the application of one ORS instrument:
open-path Fourier transform infrared (OP-FTIR)
spectroscopy (Sigrist, 1994). Before we explain
this approach further, it is necessary to understand
the reasons behind the current practice of using per-
sonal samplers for monitoring personal exposures.
The ‘personal sampling’ concept was originated by
Patterson (1939) and modified by Oldham and Roach
(1952). It was argued that personal exposures could
be very different from measurements taken in gen-
eral, fixed areas (Perkins, 1997). The low correlations
between the personal samples and area samples were
usually attributed to a lack of understanding of spatial
correlation between the area samples and the workers.
However, modern technology has helped overcome
this limitation. For example, the consumer-level glo-
bal position system (GPS) can locate an object with
an accuracy of a few meters. In general, as area moni-
tors are less limited in their size and power require-
ments at the design stage, they can usually monitor
multiple compounds and have faster response times
and lower detection limits than personal monitors. If
area monitors can be used to evaluate personal expo-
sures, we can benefit from these advantages. More-
over, with multiple area monitors deployed in the
working space, we can also identify the emission
source of the air contaminant and then fix the release
source. This kind of information is not typically avail-
able by simply collecting samples on workers. There-
fore, it seems appropriate to re-evaluate the use of
area monitors to monitor personal exposures.

OP-FTIR has some useful features for exposure
assessments, such as identifying and quantifying mix-
tures of airborne compounds with low detection limits
in real time (Levine et al., 1989; Yost et al., 1992).
The data collected by OP-FTIR instruments are in the
form of path-integrated concentration (PIC), usually
presented in units of ppm-m. Using the PIC data
of only one fixed beam path, one cannot tell if the
contaminant is uniformly distributed along the path
or highly concentrated in a small area. To make
OP-FTIR feasible for assessing personal exposures,
spatial resolution of the PIC data must be obtained
(see detailed explanation in the next section).

For workers working at a fixed workstations, the
bi-beam strategy described by Wu et al. (2003b)
could be used to obtain the spatial resolution of the
PIC data and then quantify the personal exposures.
The bi-beam strategy combines a long beam and a
short beam measurement to calculate the average

concentration level of the segmented region. For
the work practices of workers moving along a line
space [one-dimensional (1D)] or moving around a
two-dimensional (2D) plane, we propose to apply
the CT-FTIR approach [computed tomography
(CT) coupled with OP-FTIR measurement] to
estimate personal exposures. CT provides numerical
solutions for reconstructing the spatial concentration
distribution from a set of PIC data (Yost et al., 1994).
Most CT-FTIR studies to date have focused on the
agreement between the CT reconstruction maps and
the maps interpolated from point samples (Todd and
Leith, 1990; Yost et al., 1992; Drescher et al., 1996;
Samanta and Todd, 1996; Bhattacharyya and Todd,
1997; Park et al., 1997; Hashmonay et al., 1999; Wu
et al., 1999; Farhat and Todd, 2000). However, for
application to industrial hygiene, we need to know
how well the CT-FTIR approach can monitor perso-
nal exposures. In other words, we want to know the
correlations not only between the OP-FTIR measure-
ments and area sampling but also between the OP-
FTIR measurements and personal sampling. There
have been few studies on the latter type of correla-
tions (Yost et al., 1999; Ross and Todd, 2002; Wu
et al., 2003b). In this paper, we develop the theory of
applying CT-FTIR to estimate personal exposures
and present results from our numerical simulation
studies. The objective is to demonstrate the use of
CT-FTIR to evaluate the 15 min TWA personal expo-
sures. Although we could not simulate all real-world
conditions, this type of simulation study provides
valuable insights into the theory of the estimation
approach, since various parameters can be controlled
or adjusted to evaluate their effects. This is a cost-
effective way to validate the system’s performance
before conducting more time- and cost-consuming
chamber or field studies.

Theory development

In theory, by integrating a worker’s exposure level
at each location over time, we can obtain his or her
cumulative exposure. The TWA concentration is the
cumulative exposure divided by the total monitoring
time, i.e.

T
Cavy = ! / C(t,x)dt (1)
T Jo
where T is the total monitoring time and C(z, x) is the
concentration at time ¢ at location x. This sampling
approach involves two major concepts. First, we need
a concentration profile (or map) over space during the
sampling period. This map can be obtained from the
CT-FTIR reconstructions. Second, it is necessary to
know the workers’ positions in real time. This infor-
mation may be obtained by applying the technique of
motion tracking with image analysis. The motion
tracking technique was described by Wu et al. (2004).
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In principle, this description of exposures using a
location-history and spatial concentration map should
be equivalent to a conventional time series of expo-
sures measured on a moving person. However, in
practice, we do not know how errors in the spatial
information will affect the exposure estimates or what
temporal resolution is needed to achieve an equiva-
lent integrated exposure estimate. To evaluate the
performance of this new sampling approach, we con-
ducted a series of numerical simulation studies on
both 1D and 2D scenarios. Although applications are
limited for the 1D scenarios, it serves as a basic model
for understanding the more complex 2D scenarios.

METHODS

One-dimensional scenarios

Simulations of contaminant distributions and
workers’ locations. In the real world, a common
observation is that the distribution of a contaminant
at a certain time point is dependent on its distribution
a short time period ago; i.e. concentration data in time
are serially correlated. This kind of phenomenon is
usually covered by time series analysis (Chatfield,
1996). In this study, we adopt a simple model, called
the first-order autoregressive process, to simulate the
time series data. The common form of this autore-
gressive process for the purpose exposure assessment
is given by Francis et al. (1989):

Vi1 =) = olyr — 1) +& (2)

where y, and y,,; are the plume’s parameter (e.g.
peak location) at time f and ¢ + 1, p is the expected
average of the time series y, o (between 0 and 1) is the
weighting factor for the past value, €, is a series of
normally distributed random values with mean of 0
and standard deviation of 6(1 — 0®)®> and o is the
standard deviation of the time series y.

For the 1D scenarios, we simulated a series of
Gaussian plumes with autocorrelated peak locations
and fixed standard deviations. Using artificial
Gaussian plumes allowed a direct comparison between
the input test maps and the CT reconstruction maps.
The probability density function of the Gaussian
plumes at location x is (Fisher and Van Belle, 1993):

G(x;1,0,h) = h- ( 2n6)7lexp [—% (x;“) 2} (3)

(o)

where p is the peak location, ¢ is the standard devia-
tion and £ is the peak height. We also simulated
a series of autocorrelated workers’ locations with
equation (2). One plume and one worker’s location
were simulated every second during a 15 min time
period. Therefore, for each 15 min realization, we
have 900 (15 min X 60 s/min) autocorrelated plumes
and 900 autocorrelated workers’ locations. Before the

15 min simulations, we allowed a 3 min ‘warming
period’ to randomize and stabilize the time series data.

Two different test conditions were simulated, each
consisting of 120 realizations. For the first test con-
dition, the starting points of the warming period for
the plumes’ peak locations and workers’ locations
were both at the center of the 1D domain (2.5 m).
The expected mean values were also 2.5 m. The
weighting factor o was 0.95 (0ljume) for the plumes’
peak locations and 0.98 (Olyorker) for the workers’
positions. The simulated plumes have a fixed stan-
dard deviation of 0.5 m. Figure 1 shows an example of
a 15 min realization. The x-axis is the OP-FTIR’s
scanning beam path, the y-axis is the time in seconds,
and the z-axis is the simulated concentrations. Each
dot in this figure represents the worker’s position at
that time point. In the second test condition, we kept
all the parameters that were used in the first test
condition unchanged, except for Opyme, Which was
decreased from 0.95 to 0.82. This was used to test
how well this system performed under a situation
where the concentration fields changed more rapidly
over time.

Beam geometry and PIC simulations. A five-beam
geometry was tested in this study. Retroreflectors
were placed at every meter along the 5 m long 1D
scanning domain. Two factors were considered to
determine the numbers of beam paths: spatial resolu-
tion and scanning time. It is commonly assumed that
more beam paths are required to get higher spatial
resolutions of the CT reconstruction maps. However,
the time for OP-FTIR to scan a complete round over
the monitoring areas increases in proportion to the
numbers of beam paths, lowering the temporal reso-
lution. Although the current five-beam geometry may
not be the optimized arrangement, preliminary simu-
lation studies showed that it could provide reasonably
good CT reconstruction maps.

We assumed that the OP-FTIR required 10 s to scan
each beam path. This simulated that our OP-FTIR
instrument (Wu et al., 1999) acquired at least 15
spectra at 2 cm ™' spectral resolution during the 10 s
period in order to have low noise levels in the final
spectra. The OP-FTIR scanned sequentially from the
nearest retroreflector (at 1 m) to the farthest retro-
reflector (at 5 m), repeating this sequence for 15 min.
With five beam paths, the OP-FTIR scanned the same
beam path every 50 s. We simulated the observed PIC
data by averaging the integrations of the length of a
ray over the Gaussian plume’s density function dur-
ing the 10 s measurement period (Wu et al., 2003a).

CT reconstruction. The Smooth Basis Function
Minimization (SBFM) algorithm was applied to per-
form the CT reconstruction (Drescher et al., 1997,
Hashmonay et al., 1999; Tsai et al., 2001). SBFM fits
smooth functions with a limited number of para-
meters to satisfy the input ray integrals. The basis
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Fig. 1. An example of the simulated Gaussian plumes and the worker’s locations in the 1D scenarios. x-Axis is the OP-FTIR’s
scanning 1D domain; y-axis is the time; and z-axis is the simulated concentration levels. The dots represent the worker’s locations.

function in this study was the one-mode Gaussian
function with three parameters: peak location, stan-
dard deviation and peak height. The error function for
minimization was the sum of squared errors (SSE)
between the observed and predicted PIC. For 1D
SBFM, the predicted PIC is defined as follows:

L;
PICpredicted, i (ij) = Z / Gy (X; ij)dx (4)
. Jo

where j is the parameter number index and k is the
basis function number index; L; is the ith ray path
length and pj is the jth parameter of the kth basis
function; Gy, is the kth basis function. In this study,
k =1 (one Gaussian), i ranged from 1 to 5 (five rays)
and j ranged from 1 to 3 (three parameters for one
Gaussian distribution). The algorithm to minimize
the SSE is adopted from the Matlab software’s
Isgnonlin() function (MathWorks, Inc., Natick,
MA), which is designed for solving nonlinear least-
squares problems.

For most of the minimization algorithms, it is
important to provide a good first guess as an initial
starting searching point. We applied a Monte Carlo
technique to find the first guess. A total of 400 trials
were generated before the first SBFM reconstruction.
During each trial, a set of Gaussian parameters was
randomly sampled from a uniformly distributed
probability range (1 m<p <4 m; 0.2 m< 6 < 2.2 m;
5ppm<h <15 ppm). Each set of Gaussian parameters

was used to calculate the predicted PICs from equa-
tion (4) and the corresponding SSE values. The least
SSE value among the 400 trials was used as the first
guess of the minimization algorithms for the first
reconstruction. For the following reconstructions,
the resulting parameters found by the minimization
algorithms from the previous round were used as the
first guess for the next round. If the minimization
algorithms found an unrealistically narrow plume
(i.e. SD < 0.2 m) or did not converge to a solution,
a new first guess was obtained again from the Monte
Carlo technique.

To obtain one reconstruction of a Gaussian plume,
we employed five observed PICs (one PIC from each
of the five rays). Three different PIC updating stra-
tegies were evaluated here. (i) Running-average PIC
(PICrun): Every 10 s, the oldest PIC was updated
with the latest PIC and the other four PICs were
unchanged. Therefore, the five PICs were updated
completely every 50 s. This is the most straightfor-
ward way to update the PIC information. (ii) Spline
PIC (PICsp): For each ray, we splined (De Boor,
1978; Chatfield, 1996) the PICs to interpolate the
observed PICs. In order to have better estimates at
the beginning and at the end of the 15 min periods, we
included the PIC values 3 min before and after the
15 min periods into the interpolation process.
(iii) Concurrent PIC (PICcon): In this updating
strategy, we assumed that all five rays could be
updated every 10 s. Although this was not a practical
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assumption, these PICs represented the ideal PICs and
could be used to confirm the performance of the beam
geometry and minimization algorithms.

Calculate 15 min TWA. The TWA exposure is a
function of the concentration profiles and the work-
ers’ locations. Equation (1) can be rewritten as:

Lz
Cayg = ?ZG,()C,, W, Oy, iy) (5)

t=1

where T is the total monitoring time; G, is the spatial
concentration distribution function of the recon-
structed Gaussian plume with peak location i,
standard deviation o, and peak height %, at time f;
x; is the worker’s location. In this study, since T was
900 s (=15 min) and the CT-FTIR reconstructed
one plume every 10 s, we averaged 90 (=900/10)
G, values from 90 sets of reconstructed y,, 6, and
h, values to get the estimated C,y,. The true Cyyo
can be calculated by averaging 900 G, values from
900 sets of input y,, o, and A, values.

One important issue here is how to incorporate
the information about the workers’ locations into
equation (5). The CT reconstruction can only be
performed every 10 s, but the workers’ locations
can be obtained every 1 s. Three different updating
strategies were evaluated here. (i) Point location
(Wpoint), which uses the worker’s location at the
last second during the latest reconstruction as the
X;. (i) Ten seconds average (W10sec), which uses
the average of the worker’s locations during the
past 10 s of the latest reconstruction as the x,. (iii)
Fifty seconds average (W50sec), which uses the
average of the worker’s locations during the past
50 s of the latest reconstruction as the x,.

The concordance correlation factor (CCFrwa)
(Fisher and Van Belle, 1993; Hashmonay et al.,
1999) between the true and estimated 15 min TWA
values is chosen as a summary measure to represent
the quality of the CT-FTIR estimation results. The
CCF is similar to the Pearson correlation coefficient
with adjustment for location and scale shifts. The
CCF values are bounded between —1 and 1 and in
this context reflect the overall accuracy and precision
of the data.

Two-dimensional scenarios

Synthetic data and beam geometry. For the 2D
scenarios, a series of bivariate Gaussian plumes
were simulated over a rectangular spatial domain
of 4 X 4 m. Each bivariate Gaussian is described
by six parameters: the peak location (|, ), two
standard deviations (O, Oy), the peak height and
the correlation coefficient (p) (Hutchinson and Lai,
1991). The probability density function of the
bivariate Gaussian is transformed from the Cartesian

coordinate system (x, y) into the polar coordinates
(L, 9):

G(L,8;p)

= (215\/ 1— pZ)lexp{—ﬁ

— 2p(Lcos®)(Lsin®) + (Lsin 6)2]} (6)

[(Lcos 6)>

where the peak location parameters (|, j1,) and stan-
dard deviation parameters (G, G,) are introduced by
replacing Lcos 0 and Lsin 6 with (Lcos 6 — ,)/c, and
(Lsin © — p,)/oy, respectively. The simulated Gaus-
sian plumes had autocorrelated p, and p, with fixed
O, and o, [equation (2)]. It was assumed that there
was no correlation between the i, and p,. Workers
were also simulated to walk around the same 2D spatial
domain with autocorrelated x and y coordinates.

Two test conditions were simulated, each consist-
ing of fifty 15 min realizations. In the first test con-
dition, the Opume Was 0.95 and Olyoer Was 0.98,
similar to the parameters used in the first test condi-
tion in the 1D scenarios. The bivariate Gaussian
plumes had an expected peak location at x = 2 and
v = 0in the 2D scanning domain. The ¢, and 6, were
fixed values of 1. Figure 2 shows an example of the
plumes’ peak locations and workers’ locations during
one 20-s time period. The dark and light lines repre-
sent the plume’s peak locations and worker’s loca-
tions, respectively, from time ¢ to ¢t + 19. The
grayscale bar shows the grayscale representations
of the plumes’ concentration levels at time ¢ + 19.
In the second test condition, the 6, and o, values
decreased to 0.5 to simulate a narrow plume.

The radial beam geometry applied in this study had
nine beam paths. The angle between each ray was
6° and the end of each ray was approximately at the
center of each grid (Fig. 3). It consisted of four long
beam paths, three intermediate beam paths and two
short beam paths. As found by Wu et al. (1999),
segmenting information is important to the radial
geometry. The proposed geometry in this study
was designed to have more segmenting information
in the region that was farther from the OP-FTIR. The
high ray density near the OP-FTIR should compen-
sate for the lack of segmenting information in the
region near the instrument. Since this geometry did
not cover the upper-left and lower-left corner of this
spatial domain, we did not expect that the CT algo-
rithm could reconstruct well in these two regions.
Only a few simulated plumes had peak locations in
these regions. A scanning geometry consisting of
more beam paths could cover a wider area, but
again there is a trade-off between the temporal and
spatial resolution.

As in the 1D scenarios, we assumed that OP-FTIR
required 10 s to scan each beam path. It scanned
from 1 to ray 9 sequentially and came back to ray 1,
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Fig. 2. An example of the simulated Gaussian plumes in the 2D scenarios during a 20 s time period. The dark line shows the
plume’s peak locations from time # () to £+ 19 (W, .410). The light line shows the worker’s locations from time 7 () to £+ 19
(M, r+10). The grayscale bar shows the grayscale representations of the plumes’ concentration levels at time 7 + 19.
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Fig. 3. The beam geometry of the OP-FTIR in the 2D scenarios. The OP-FTIR is located at (0, 0). The number at the end of each
beam path is the beam ID.
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repeating the same sequence for 15 min. The time
interval for the OP-FTIR to scan the same beam path
again increased to 90 s, compared with 50 s in the 1D
scenarios. We simulated the observed PIC by aver-
aging the integration of the length of a ray over the
bivariate Gaussian plume’s density function during
the 10 s measurement period.

CT reconstruction and calculated 15 min TWA.
The basis function applied in the SBFM algorithm in
the 2D scenarios was a one-mode bivariate Gaussian
function. The predicted PIC in the SSE function is
defined as follows (Hashmonay and Yost, 1999):

L;
PIC redicted,i (Pjk) = Z / Gi(r, 0, pj)dr (7)
K 0

where j is the parameter number index and k is the
basis function number index; L; is the ith ray path
length and pj is the jth parameter of the kth basis
function; G(r, 6;, pj) is the kth basis function in polar
coordinates r and 6. In this study, k= 1 (one bivariate
Gaussian), i ranged from 1 to 9 (nine rays) and j
ranged from 1 to 6 (six parameters for one Gaussian
distribution). The procedures of minimizing the SSE
functions and to calculating the 15 min TWA were
similar to the procedures used in the 1D scenarios.

In addition to evaluating the 15 min TWA values,
we also assessed the performance of the SBFM recon-
struction algorithm on a mapping basis for the 2D
scenario. The area where the workers walked around
was overlapped with an 8 X 8 grid system. Every 10 s,
the Gaussian parameter vector p [equation (7)]
obtained from the SBFM algorithm was applied
with the one-mode bivariate Gaussian density func-
tion to calculate a reconstructed map based on the
above grid system. The corresponding true map dur-
ing the same 10 s period was the mean map of the ten
1 s maps calculated from the input Gaussian para-
meter vectors. Each realization produced 90 pairs of
true and reconstructed maps. We calculated the CCF
value (called CCFcr) for each pair of maps. The mean
of the 90 CCFcr values (called CCFcr) was used to
determine the agreement between the true and recon-
structed maps for each realization with a 10 s tem-
poral resolution. We also calculated the CCF value
between the mean maps of the 90 true maps and
the 90 reconstructed maps (called CCFcrpean)- The
CCFcrMean represented the time-weighted agreement
between the true and reconstructed maps for each
realization.

RESULTS AND DISCUSSION

One-dimensional scenarios

Figure 4a shows the results under the first test con-
dition with different estimation strategies. The dotted
line represents the average of the true 15 min TWA

values from the 120 realizations. The closed dia-
monds show the average values with 1 SD of the
estimated 15 min TWA values. The asterisks repre-
sent the CCFrwa values. The use of the PICcon
updating strategy provides the best estimation with
CCFrwa values close to 1. This confirms that our
beam geometry and optimization procedures perform
reasonably well under ideal conditions, although the
PICcon cannot be obtained with our OP-FTIR instru-
ment. Using the workers’ 50 s averaged positions
(W50sec) with either PICrun or PICsp produced
biased estimates and relatively low CCFrwa values.
As for the other estimation strategies, it is hard to
determine which method performs best. The remain-
ing four methods all have good CCFrywa values
between 0.81 and 0.86. Further sensitivity analysis
was later applied to the four candidates (Wpoint&-
PICrun; Wpoint&PICsp; W10sec&PICrun;
W10sec&PICsp) to find the best method.

Figure 4b shows the results under the second test
condition, where the concentration fields changed
more rapidly over time, compared with the first
test condition. Again, using the 50 s averaged work-
ers’ locations give biased estimates with lower
CCFrwa values. The CCFrwa values for the four
candidates decrease slightly but are still >0.80.
This suggests that the proposed CT-FTIR approach
works reasonably well under both rapidly and slowly
changing conditions.

It does not seem reasonable intuitively that the
WS50sec updating strategy should offer poorer results
than either Wpoint or W10sec, given that the PICrun
updates completely every 50 s. We offer the follow-
ing explanations for this discrepancy. The W50sec
and W10sec strategies represented the average values
of the workers’ locations during the most recent 50 s
and 10 s periods, respectively. Each location was
equally weighted. However, PICrun updated only
one input PIC every 10 s and the updated PIC covered
only some part(s) of the plumes. This means that each
input PIC might not be weighted equally when we
reconstructed the concentration maps to represent
the true average plume. Our results suggest that the
PICrun may be more representative of the average
plume in the past 10 s than the average plume over
the past 50 s. This could explain why the W10sec
performs better than the W50sec updating strategy.

The sensitivity analysis was first conducted on
parameters for the workers’ locations. Different
noise levels were added on the simulated workers’
locations for each of the 120 realizations under the
first testing condition. The estimated 15 min TWA
values were recalculated. Figure 5a shows that the
strategies based on Wpoint are sensitive to added
noise. When the noise levels are approximately
>20%, the CCFrwa values drop quickly. This is
the same for both reconstructions updated using the
PICrun or PICsp strategy. Conversely, the strategies
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Fig. 4. Results from the 1D scenarios. The dotted line represents the average of the true 15 min TWA values from the 120
realizations. The closed diamonds show the average values with 1 SD of the estimated 15 min TWA values. The asterisks
represent CCFrwa values. (a) Opume = 0.95; Oyorker = 0.98; (b) Opiume = 0.82; Olyorker = 0.98.

that update the workers’ locations with W10sec are
less sensitive to noise. The CCFrwa values change
little, even at high noise levels, regardless of the PIC
updating strategies. This is understandable, because
some of the errors were smoothed out during the
averaging process.

A sensitivity analysis was also conducted on para-
meters of the observed PIC. Figure 5b summarizes
these results. Generally, all the CCFrw, values from
PICrun and PICsp have a decreasing trend. With the
same updating strategies for the workers’ locations,
there is not much difference between applying the
PICrun and PICsp at different noise levels, in
terms of the CCFrw, values. However, calculating
PICsp required additional measurements before and
after the time period of interest to stabilize the

interpolation process. This means that we will always
get delayed estimates of the workers’ exposures when
applying PICsp, which makes PICrun the preferable
updating strategy.

Two-dimensional scenarios

From the 1D scenarios, we determined that we
should use the updating strategy of applying
W10sec and PICrun. Therefore, we focused on this
strategy in the 2D scenarios. For wide plumes (i.e. 6, =
6, = 1), Fig. 6a shows that the CCFrw, value from
PICcon is very close to 1. This confirms that our beam
geometry and optimization algorithms work well.
The CCFrwa values from PICrun (=0.6) in the 2D
scenarios are smaller than the CCFErwa values (>0.8)
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Fig. 5. Results from the sensitivity analysis in the 1D scenarios. Sensitivity of (a) the workers’ locations and (b) the input PICs.

in the 1D scenarios. This is mainly because we kept
Olplume aNd Olyorker the same, but increased the scan-
ning time for a complete round from 50 s in the 1D
scenarios to 90 s in the 2D scenarios. However, the
CCFrwa values of 0.6 still represent reasonably good
agreement between the true and estimated 15 min
TWA values, and are within the range of experimen-
tal validation for CT-FTIR (Wu er al., 1999). For

the 50 realizations, the average of the estimated
15 min TWA are close to the average of the true
15 min TWA.

In Fig. 6¢, we decreased the o, and ,, values to 0.5
to simulate narrower plumes. Again, the CCFrwa
value from PICcon is very close to 1, confirming
the performance of the beam geometry and optimiza-
tion algorithms. From previous studies (Hashmonay
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etal., 1999; Wu et al., 1999), we know that it is more
difficult to reconstruct a narrow plume than a wide
plume, given a radial beam geometry. The quality of
the reconstructed map is a function of the beam
density in the scanning domain. Therefore, it is not
surprising to see that the CCFrwa values from
PICrun were smaller in Fig. 6¢ than in Fig. 6a.
One way to increase the agreement between the
estimated and true 15 min TWA values is to decrease
the time-scale difference between the plumes and the
OP-FTIR’s scanning time. Figure 6(b) and (d) shows
the results for wide and narrow plumes, respectively,
from the assumption that the OP-FTIR scanned each
ray for 5 s. This reduces the time to scan a complete
round to 45 s. The worker’s location was also calcu-
lated as the average location during the past 5 s
(W5sec). The CCFErwa value increases from 0.58
in (a) to 0.74 in (b) and 0.50 in (c) to 0.56 in (d).
Our OP-FTIR instrument can acquire approximately
eight spectra during this 5 s scanning time. The dis-
advantage of decreasing the scanning time for each
ray is that the collected spectra may contain more
noise. Adding 7% noise to PICrun decreased the
CCFrwa to 0.63 and 0.52 for scenarios in Fig. 6(b)
and (d), respectively. It is still larger than the corre-
sponding CCFrwa values if we assume the scanning
time for each ray to be 10 s [Fig. 6(a) and (c)]. The
7% noise was a typical level for our OP-FTIR with

eight scans for measuring carbon monoxide, which
was used later as a tracer gas in a series of chamber
experiments (Wu et al., 2004).

The mean CCF¢r with PICrun updating strategy for
conditions (a), (b), (c) and (d) in Fig. 6 was 0.56, 0.61,
0.41 and 0.44, respectively. The mean CCFcryvean
with PICrun updating strategy for conditions (a),
(b), (c) and (d) was 0.95, 0.98, 0.85 and 0.87, respect-
ively. For each condition, the CCFrw, lies between
the mean CCFcr and the mean CCFcryean. The rea-
son for the CCFrwa being larger than the mean
CCFcr is that the former measure was based on a
single point comparison on the map while the latter
measure compared the whole map (8 X 8 points).
Although CCFcryean 18 also a measure based on
the whole map, it is larger than the CCFrw4. This
is because the CCFcrpean represents the overall fit
during the 15 min period, where some of the errors are
smoothed out by the time-averaging process. Since
the CCFrw4 and the CCF¢r were based on the same
temporal resolution, it was not surprising to see that
the CCFrwa Was more similar to the CCF¢r than to
the CCFCTMean~

In real workplaces, workers do not move continu-
ously, but stop at workstations to perform certain
jobs. These conditions were not simulated here.
From previous studies, we know that the quality of
the reconstruction maps is not uniformly distributed
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over the beam geometry. Some regions have good
reconstructions while others do not. Therefore, the
locations of the workstations and the time that the
workers spend at the workstations will affect our
ability to accurately estimate personal exposures.
To make the CT-FTIR approach more practical and
attractive, more simulation studies focusing on these
different scenarios will be needed.

CONCLUSIONS

Using computer simulation data, we demonstrate
that it is feasible to use the CT-FTIR approach to
evaluate personal exposures, in terms of the 15 min
TWA. Generally, the averages of the estimated
15 min TWA are close to the true 15 min TWA,
i.e. the bias from the estimation method is small.
The CCF between the estimated and true values
depends on the simulation conditions. When we
have a relatively wide plume and slowly changing
conditions, the CCFrw4 values are high. Conversely,
the CCFrwa values are small when the plume is
narrow with rapidly changing conditions. The high
CCFrwa (>0.99) from the PICcon updating strategy
suggests that the performance of our approach was
not limited by the SBFM algorithm, but mainly by the
time required to scan each retroreflector. If we had an
instrument that could scan all the retroreflectors
simultaneously, we could significantly improve the
CCFcr and thus the CCFErwa from the PICrun
updating strategy.
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