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individuals or areas in a room and, therefore, are used to infer exposures for a larger
workforce or the unsampled areas in a room. These inferences may not be
defensible. Integrated measurements typically smooth out fluctuations in concentra-
tions; thus, acute exposures or short-term source emissions cannot be readily
resolved.

A new air sampling technology has been proposed which creates two-dimensional
maps of contaminants to provide accurate spatial and temporal information about
contaminant concentration and flow (Todd and Leith, 1990). This technology
combines the measurement techniques of optical remote sensing (ORS) with the
mapping capabilities of computed tomography (CT). While any open-path system
could conceivably be used for tomography, this research uses open-path Fourier
transform infrared (OP-FTIR) spectrometers to scan the air and detect, in situ and
in real-time, a wide variety of contaminants of interest to the industrial hygienist, at
concentrations down to a few parts per million (Strang and Levine, 1989). Each
single beam of infrared (IR) light probes the air, measuring the attenuation of light
from peripherally placed optical sources or retroreflectors, and provides line-
integrated contaminant concentrations along the path of the beam through the
room. When a network of intersecting line-integrated concentrations is obtained,
tomographic algorithms are used to transform the set of concentrations into a
spatially resolved, two-dimensional concentration map, along the plane sampled.
These maps are then linked together to visualize spatial and temporal changes in
concentrations and chemical species in a room. The level of concentration detail
provided by these maps requires far fewer measurements to obtain the same level of
detail than would be required using conventional point sampling methods. An
ORS-CT system may enable near real-time evaluations of short-term or chronic
peak exposures, at any location in a measurement space, and provide a tool to
determine ventilation efficiency and pollutant transport (Yost et al., 1994).

The introduction and development of this ORS-CT technology was described in
previous papers which used numerical studies to evaluate ORS-CT configurations
(location and number of OP-FTIR spectrometers) and tomographic reconstruction
algorithms (Todd and Leith, 1990; Todd and Ramachandran, 1994a,b), and
experimental studies to evaluate this method in an exposure chamber (Yost et al.,
1994; Samanta and Todd, 1994). While the numerical studies demonstrated the
feasibility of using an ORS-CT system for achieving good spatial resolution, they
did not consider temporal resolution. The experimental studies had promising
results but hardware limitations compromised the temporal resolution.

One of the greatest challenges facing implementation of a tomographic system is
reconstructing an image that is not stationary. In the workplace, this relates to
characterizing spatially changing concentration profiles. To obtain a network of
open-path measurements, each OP-FTIR spectrometer sequentially scans the air
and each measurement is taken at a different point in time. This introduces
inconsistencies in the data which will adversely affect reconstruction accuracy. The
total time required to completely sample an area depends upon the number of OP-
FTIR light beams and spectrophotometers, and the time required to obtain each
individual open-path measurement. To map concentration profiles in the flux
accurately, the time required to sample the entire room must be balanced with the
movement of air contaminants.
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This paper reports on nnumerical studies that evaluated the ability of an ORS-CT
system to reconstruct maps from changing concentration profiles. The investigation
examined the effect on reconstruction quality of interferometer scan time,
measurement noise and number density of rays.

THEORY AND METHODOLOGY

Computed tomography

As applied to air monitoring, computed tomography is the process of measuring
a spatial concentration profile of a plane through a room, using a network of line-
integrated concentration data. The computations transform one-dimensional
measurements of a concentration to a two-dimensional estimate of concentrations
using another two-dimensional function (Herman, 1980). A network of OP-FTIR
light beams are shot through the plane into the area to be monitored to obtain line-
integrated gas concentrations (or raysums). The number and angular location of the
rays in the network comprise the remote sensing configuration. Raysums obtained
with the configuration are then used by tomographic algorithms to reconstruct
maps. The strategy is to obtain concentrations in the reconstructed map which
would most likely yield the same line-integrated concentrations as those obtained
from the measured raysum data (Herman, 1980).

The idealized measurement space is broken into an N x N grid of cells. Figure 1
shows a 10 x 10 grid of 100 cells. Each cell, j, is assigned a concentration c;, which is
assumed to be uniform and non-negative. Raysums are line integrals of c; along
various paths through the room. The acute angle that an IR beam makes with the
room side is called the projection angle, and the ith ray sum is p,. The rays have a
finite width and, therefore, are approximated by strip sums. The relationship
between cell concentrations and raysums can be expressed as

pi=Zajc,i=1...M,j=1..N, (1)

where p; is the raysum at projection angle 9, a;; is the weighting factor representing
the contribution of jth cell to the ith raysum, M is the total number of rays, i is the
number of the ray, ranging from [ to M and N? is the total number of cells in an
Nx N grid. For the numerical studies, time series concentration maps were
generated from dispersion models to simulate spatial concentration changes over
time. Raysums were computed then from the time series concentration maps using a
simulated four source scanning configuration. The raysums were used by an iterative
reconstruction algorithm in simulations performed to evaluate the effect of timestep
(measurement time), measurement noise, number of iterations used by the algorithm
and sampling density. The reconstructed concentration maps were then compared
with the original maps to evaluate reconstruction quality.

Test concentration maps

Fifteen different sets of temporally changing test concentration profiles were
generated using a two-dimensional advection diffusion equation with a bi-variate
Gaussian source (Hanna et al., 1982). Source emission rate, diffusion coefficient, air
velocity, source location, source intensity and standard deviation of the Gaussian
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Table 1. Numerical simulations performed

! 150 No. of Rays

Series ) Test concentration maps Timestep  Noise iterations 80,30,20
1 Peak at side, decay 1-12 14 14
2 Peak at side, generation 1-12 1-4
3 Peak at middle, decay 1-12 1-4
4 Peak at middle, generation 1-12 14
5 Peak at middle, slow decay -8
6 Peak moving, generation 1-12 14 14 1-4
7 Peak moving, slow generation 1-8 14 1-4
8 Peak moving, no other change 1-12
9 Series 1 modified to move at the same

rate as Series 7 14

10 Series 3 modified to move faster than

Series 7 14

11 Peak moving, generation 1-4

12 Gas release scenario 1-8 14 14

13 Two peaks 1-4

14 Three peaks 14

i5 Four peaks 14 1-12

The first two columns list the 15 sets of time series maps generated and their general properties. The

" third column lists the range of timestep values for which CT reconstructions were calculated, using a

baseline of 40 rays per OP-FTIR scanner, no measurement noise and 50 iterations. The fourth, fifth and

sixth columns list the range of timestep values for which CT reconstructions were calculated, using noise,
150 iterations, and 20, 30 and 40 rays, respectively.

series maps represent the generation or decay of multiple contaminant sources in
rooms (13-15).

Remote sensing configuration

A symmetrical, non-invasive remote sensing configuration was simulated which
used four OP-FTIR spectrometers, one in each corner of a 40 x40 room, that
simultaneously scanned the room (see Fig. 3). Each OP-FTIR spectrometer sends a
beam of infrared (IR) light across the room to a corner cube retroreflector, which
then returns the beam directly back to its point of origin. The spectrometer then
sequentially rotates to a new position, sends out another beam of IR light and
obtains another measurement. The basic configuration used 40 rays per OP-FTIR
spectrometer; this resulted in a well sampled room with a network of relatively
orthogonal rays (Todd and Ramachandran, 1994a,b).

Reconstruction algorithm

An iterative tomographic reconstruction algorithm, maximum likelihood with
expectation maximization (MLEM), was chosen for this study. This simultaneous
iteration technique, corrects all cells at once after an entire set of raysum data is
obtained in each iteration (Tsui et al., 1991; Shepp and Vardi, 1982), as shown in
Equation (2):

Y = (¢ /Zt5) * Btypi/ tye)), @

where Cj("+ = concentration in jth cell after the nth iteration, Zt;¢/"' =re-projection
of the image estimate ¢ and Zt;p;=backprojection of the projection array.
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simulating a measurement time of 30s, raysums are obtained from every other map
in the series of test maps.

Evaluating reconstruction quality

The quality of the reconstructed maps determines the ability of the map to be
used for exposure assessment, source monitoring and leak detection. Reconstructed
time series maps were evaluated both qualitatively and quantitatively. The
qualitative measure used was visual assessment of the reconstructed two-
dimensional maps and is important for all tomographic applications. The
quantitative measures used were nearness, projection data distance, exposure error
analysis and peak location analysis.

For the qualitative evaluation, surface plots of original and reconstructed
profiles were compared to visually evaluate peak shape, peak height and artifacts
(Todd and Leith, 1990; Todd and Ramachandran, 1994a,b). Artifacts included
unpredictable irregularities that looked like salt and pepper, streaking of peaks
which could be attributed to the configuration, and false concentration peaks.
Surface plots were visualized using Spyglass Transform, Format and View (Spyglass
Inc., Champaign, Illinois, U.S.A. ). Maps were linked together to animate the 3h
simulated sample time.

The quantitative measure nearness reflects the cell-by-cell discrepancy between
the original and the reconstructed concentration map, and is a global measure of
errors over all the grid cells in a map (Todd and Leith, 1990). Projection data
distance measures how closely the reconstructed ray sums matched the original ray
sums (Todd and Leith, 1990).

Exposure error analysis reflects how accurately a reconstructed concentration
map measures human exposure or source concentration. In these simulations, 3 h
time weighted average (TWA) concentrations for exposures at the peaks in the
original test map, were compared with TWA concentrations for the same peak
locations in the reconstructed maps, as shown in Equation (4). Time weighted
averages were calculated using a 5 x 5 cell window centred over the peaks.

Ztimc Zspacc C;- - Ztimc Zspace G
Ztime Espaoe C;

where time varies from the first time series map to the 720th map, space represents
the 5 x 5 cell window around a peak, ¢;* is the concentration of the jth cell in the test
map and ¢; is the concentration in the jth cell in the reconstructed map. Peak
location error describes how accurately a reconstructed map can pinpoint the
location of an emission source and is important for leak detection. Peak error is the
root mean square (RMS) difference in the location of the peak in the original and
reconstructed map, as shown in Equation (5).

TWA Exposure Error = — x 100, (4)

Peak Location Error = x — x*2 + y — y*2, (5)

where x is the x coordinate of the location of the peak in the reconstructed image, x*
is the x coordinate of the location of the peak in the test map, y is the y coordinate
of the location of the peak in the reconstructed image and y* is the y coordinate of
the location of the peak in the test map.
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Simulated sampling parameters

To establish a baseline, all 15 time series maps were tested under ideal sampling
conditions (no measurement noise), using 40 rays per OP-FTIR spectrometer, and
were reconstructed using 50 iterations of the MLEM algorithm.

To investigate the effect on map quality of sampling density and sampling time,
30, 40 and 80 rays per OP-FTIR spectrometer were used for three representative
time series maps (1, 6 and 7), for timesteps of 1 to 4. Thus, this resulted in sampling
times for the entire room at a timestep of 1 of 7.5, 10 and 20 min for sampling
densities of 30, 40 and 80 rays per OP-FTIR, respectively.

Measurement noise was simulated by adding random errors from a Gaussian
distribution with a mean of zero and a standard deviation of 10 to the initial
raysums for six representative time series maps (1, 2, 6, 7, 12 and 15) (Todd and
Ramachandran, 1994a,b). For each test map, five simulations were performed in the
presence of noise.

To evaluate the effect of number of iterations on map quality, reconstructions
were performed using 50 iterations (time series 1-15) and 150 iterations (time series
3,4, 6 and 12).

RESULTS AND DISCUSSION
Timestep

For all reconstructions of time series maps, as timestep increased (time required
to obtain an open-path measurement), nearness, TWA exposure error, peak location
error and data distance increased (deteriorated). Nearness was the most sensitive
parameter to changes in timestep; data distance results were similar to nearness
results. Figure 4 is plot of nearness versus timestep for three representative time
series maps (1, 6 and 15). Below a timestep of 4, reconstructions from maps with
multiple peaks resulted in higher (worse) nearness values than maps that primarily
change concentration or have large spatial movements of peaks. At higher timesteps,
however, large spatial changes resulted in the highest (worst) nearness values.

The impact of timestep on TWA exposure error is demonstrated in Fig. 5. Ata
timestep of 1, TWA exposures varied from being overestimated by an average of 8%
to being underestimated by an average of 12%. For peaks which decayed over time
(1, 3, 5-7, 9, 10, 13), timesteps of 1, 2 or 4 were best for exposure evaluation. A
timestep of 1 overestimated exposure by an average of 8% while a timestep of 4
underestimated exposure by an average of 6%. For peaks which increased in
concentration over time (2, 4, 11), timesteps of 1 were best for exposure evaluation.
A timestep of 1 underestimated exposure by an average of 12% while a timestep of 4
underestimated exposure by an average of 17%. For time series maps with multiple
peaks (13-15), TWA exposure error was relatively insensitive to increases in
timestep, with errors varying from 11% overestimation to 30% underestimation.
For timesteps 6 and above, TWA exposure errors varied from 30% to over 100%
underestimation.

The two primary factors affecting underestimation or overestimation of TWA
exposure error are whether peak concentrations are increasing or decreasing over
time, and the inherent tendency of the reconstruction algorithm to smooth out
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Fig. 4. Variation of nearness with timestep for three different sets of test concentration maps: time series 1,
6 and 15. The data points for nearness are an average of the nearness values obtained from each
reconstructed map. Error bars represent one standard error.
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Fig. 5. Variation of TWA exposure error with timestep for three different time series sets of test
concentration maps: time series 1, 6 and 15.
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images and lower peak heights. When maps are reconstructed, raysums from
previous time periods are used to reconstruct the current concentration profile. If
concentrations are decreasing, older raysums will contain higher concentrations
which may result in overestimation of peak heights. Similarly, if concentrations are
increasing, older raysums will contain lower concentrations which will result in
reconstructions that underestimate peak heights.

Peak location error, which indicates how far a concentration peak is
reconstructed relative to its original location, was fairly insensitive to increases in
timestep, particularly above a timestep of 4; see Fig. 6. For all the time series maps,
the mean peak location error varied from 0 to 2, for a timestep of 1, and 0 to 14
(mean of 9.78) for a timestep of 8. For the time series maps which had single or
multiple peaks, even at a timestep of 8, the peak location was pinpointed to within
two cells; this is equivalent to a distance of 2m for a 40 m? room. The time series
maps with the greatest spatial movement of concentration profiles had the highest
(worst) peak location errors. Location error for a moving peak was twice as high as
that for a rapidly decreasing peak with errors as high as 14 for the moving peak at
timesteps greater than 4.

For all the time series maps, the reconstructed maps were in close appearance to
the original maps for timesteps of 1 and 2; timestep 1 always resulted in the best
reconstructions. For most of the maps, timestep 4 resulted in reconstructions with
peaks that were identifiable in overall shape and location; however, there were
additional false peaks, smearing of peaks, and salt and pepper artifacts. For
timesteps higher than 4, important features of the profiles were lost in the
reconstructions; most of the peaks were smeared across the map and configuration
artifacts were present. Using one of the time series maps as an example, Fig. 7 shows
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Fig. 6. Variation of peak location error with timestep for three different sets of test concentration maps:
time series 1, 6 and 15. The data points for peak location error are an average of the values obtained from
each reconstructed map. Error bars represent one standard error.
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Measurement noise

For all the reconstructions of time series maps, the introduction of measurement
noise resulted in slightly increased (worse) nearness, TWA exposure error, peak
location error and data distance values as compared with the statistics obtained
from ideal sampling conditions. Nearness values for reconstructions for a single
peak at a timestep of 1 with 10% noise were higher (worse) than nearness values at a
timestep of 2 without noise, however; see Fig. 9. This could have implications when
selecting the number of interferometer scans; while increasing the number of scans
per open-path measurement will decrease noise, it will increase overall data
collection time.

Reconstructed maps were more jagged in appearance relative to the maps
reconstructed using ideal raysums. Salt and pepper artifacts were evident in the
reconstructed images primarily at the peaks, and some maps had additional false
peaks. Figure 10 compares reconstructions with and without measurement noise.
The maps with measurement noise are not as smooth as those without noise;
however, peak concentrations and shapes are close to the ideal case.

Number of iterations

For ideal sampling conditions, there was no significant difference (P> 0.05)
between reconstructions using 50 and 150 iterations of MLEM, but when 150
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Fig. 9. Comparison of nearness from reconstructions of a single concentration peak at the side of a room
at a timestep of 1 with 10% noise using 50 and 150 iterations of MLEM and a timestep of 2 with ideal
measurements for 50 iterations of MLEM.
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Fig. 11. Variation in nearness with timestep for different the number densities of rays using a map with a
single peak. Data points for nearness are an average of the nearness values obtained from each
reconstructed map. Error bars represent one standard error.

CONCLUSIONS

A systematic method has been presented to evaluate the ability of an optical
remote sensing and computed tomography system to reconstruct temporally
changing concentration profiles. Fifteen different time series maps representing the
generation, decay and movement of single and multiple peaks of chemicals in air
were used to examine the effect on reconstruction quality of sample time, number of
iterations used by the reconstruction algorithm and sampling density.

As expected, the shorter the OP-FTIR spectrometer measurement time per ray,
the better the reconstructions. Minimizing overall room scan rates is critical for
reconstructing concentration profiles with multiple peaks or rapidly changing
concentration profiles. If shorter open-path measurement times result in a significant
increase in measurement noise or error, however, longer times would provide
improved image quality. Measurement time could be shortened by decreasing OP-
FTIR spectrometer wavenumber resolution or the number of OP-FTIR spectro-
meter scans, but this will result in decreased signal to noise ratio, increased
minimum detection limits for chemicals, decreased resolution of spectral features
and quantification errors.

For the time series maps used in this study, scanning the entire room in 10—
20 min was adequate for exposure evaluation, source monitoring and leak detection.
At a timestep of 1, or 15s per open-path measurement, the majority of reconstructed
TWA exposures were within 10% of the actual exposures. A timestep of 4, or
scanning the entire room in 40 min, generated maps that successfully pinpointed the
location of contaminant peaks; however, peak concentrations were underestimated
and artifacts were prevalent in the reconstructions. Longer sampling times resulted
in concentration maps that had smeared peaks and strong artifacts related to the
configuration.
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In practice, the optimum sample time for an ORS-CT system will depend upon
the number and type of contaminants in air, number of chemical sources, room
ventilation rates, room size, purpose of the sampling program and budget. While a
timestep of 2, or sampling the entire room in 20min, was acceptable for TWA
exposure evaluations, shorter sampling times will probably be required to evaluate
short-term and TWA exposures accurately.

Reconstructing the simulation of a rapidly decaying gas leak using timesteps of |
to 4 resulted in considerable ovgrestimation of peak concentrations and maps that
were filled with streaks and artifacts, although peak locations and shapes were
reconstructed correctly. With this scenario, the OP-FTIR system would be adequate
for leak detection; however, a faster scanning system would be required for accurate
exposure assessments.

The configuration of an ORS-CT system plays a crucial role in obtaining
reconstructions with good spatial resolution (Todd and Ramachandran, 1994a,b).
The number of required open-path rays is related to the size, number and spatial
variability of contaminant sources. For concentrations at steady state, the higher
the density of open-path rays, the better the reconstructions. However, when
there is significant spatial variability in concentrations over time, the requirement
for accurate temporal resolution may require sampling with fewer rays to scan
the room at a faster rate. Therefore, some spatial resolution will be
compromised. In this study, simulations using 30 rays per OP-FTIR spectrometer
resulted in better reconstructed concentration maps than simulations using 40 or
80 rays.

Optical remote sensing and computed tomography shows promise as a method
to produce spatially and temporally resolved two-dimensional concentration maps
of an entire room. These maps would provide near real-time visualization of
contaminant generation, movement and concentrations. In this study, the
simulated OP-FTIR system successfully reconstructed a variety of spatially and
temporally varying time series maps using scan times that match those achievable
in practice. In practice, the maps can be used for source monitoring, to track leaks
and, if they are coupled with time-location information for a worker, for exposure
evaluation.

Although these studies evaluated 15 different test concentration profiles, they are
not representative of all possible real-life concentration profiles. Work is currently
being performed in a controlled chamber, using an actual ORS-CT system, to
generate time series profiles experimentally that can be used in studies developing
configurations and reconstruction algorithms.

The success of an ORS-CT system will depend upon the ORS configuration,
reconstruction algorithm and OP-FTIR spectrometers. The configuration is crucial
because it will introduce artifacts into the reconstructions, particularly given the
sparse nature of the sampling in the proposed application of tomography. In this
article, the simulated ORS-CT system used a non-invasive, symmetrical four source
configuration. However, in practice, the layout of rooms will place constraints on
the placement of OP-FTIR spectrometers, light sources and retroreflectors. Time
series concentration maps are important tools for developing this ORS-CT
technology. A subsequent paper will report on using time series maps to develop
ORS configurations.
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