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ABSTRACT

Detection performance of LWIR passive standoff chemical agent sensors is strongly influenced by various scene
parameters, such as atmospheric conditions, temperature contrast, concentration-path length product (CL), agent
absorption coefficient, and scene spectral variability. Although temperature contrast, CL, and agent absorption
coefficient affect the detected signal in a predictable manner, fluctuations in background scene spectral radiance have
less intuitive consequences. The spectral nature of the scene is not problematic in and of itself; instead it is spatial and
temporal fluctuations in the scene spectral radiance that cannot be entirely corrected for with data processing. In
addition, the consequence of such variability is a function of the spectral signature of the agent that is being detected
and is thus different for each agent. To bracket the performance of background-limited (low sensor NEDN), passive
standoff chemical sensors in the range of relevant conditions, assessment of real scene data is necessary’. Currently,
such data is not widely available’. To begin to span the range of relevant scene conditions, we have acquired high
fidelity scene spectral radiance measurements with a Telops FTIR imaging spectrometer®. We have acquired data in a
variety of indoor and outdoor locations at different times of day and year. Some locations include indoor office
environments, airports, urban and suburban scenes, waterways, and forest. We report agent-dependent clutter
measurements for three of these backgrounds.

1. INTRODUCTION

To protect potentia victims from a chemical attack, a variety of chemical detection systems have been and continue to
be devel oped. Standoff systems, designed to sense the presence of chemical plumes at long range, are attractive because
of the early warning advantage that they provide. They also provide coverage of a much larger area than point chemical
sensors, which would need to be distributed much more abundantly to provide comparable coverage. The andytical
technique that is most widely used for standoff sensing is long wave infrared (LWIR) spectroscopy, due to the
availability of unique chemica signatures and the window in atmospheric absorption in this spectral region. LWIR
spectroscopy may be conducted either actively (with the use of an IR source) or passively (using the blackbody
radiation of the scene as the source). While passive standoff LWIR spectroscopy offers many advantages, such as
greater on-the-move flexibility, and less complexity than a large and expensive laser system would introduce, using the
scene spectral radiance as the source introduces its own complications that will be addressed in the following.

In a chemical sensng scenario, radiation received from the scene is a function of scene spectral radiance, plume
absorption and emission, atmospheric absorption and emission, as well as absorption and emission, and potentially
scattering of any other chemicals that are present in the environment.” To estimate the radiance received at the sensor,
the scene may be divided into many thin dlices along the axis between the background and the sensor. If a hard
background is present, it emits radiation according to its spectral emissivity and temperature. This radiation is absorbed
by the dice of vapor adjacent to it, according to the temperature and specific vibrational modes of the chemical species.
This dice may contain atmospheric gases, agent or other interfering chemicals. In addition to absorbing radiation, this
dlice also transmits some of the radiation emitted from the hard background and it emits radiation according to its own
spectral emissivity and temperature. The net light that leaves this dice is then attenuated by the next dice, which aso
emitsradiation. Thisisrepeated through all of the dices between the background and the sensor. If the background is
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warmer than the plume, the result is the background emission attenuated by the spectra signature of the chemical
vapors present. The degree of attenuation depends on the concentration and path length of the plume and temperature
difference between the plume and the background. This attenuation due to the chemica vapors is generally small
compared to the total signa received by the sensor. Since this attenuation is the quantity that provides information about
the plume, the relevant metric is not the signal itself but the differential signa --the difference between the radiance of
the scene containing the plume and the scene without the plume. Making the assumption that the plume is thin and that
the background radianceis known exactly, the expression for differentia radiance becomes

(1) AL < ATm cLat

T |

where /L isthe differential radiance, AT is the temperature difference between the plume and the hard background, B is
the Planck function at temperature T, c is the concentration of the plume, L is its path length, o is the absorption
coefficient of the agent, and t, is the atmospheric transmittance. This expression provides a ssimple way to determine the
product of concentration and path length of a given agent if the temperature difference is known. However, it relies on
the ability to completely subtract out the background, which may be difficult in arealistic sensing scenario.

a

There are various ways of estimating the plume-free spectrum to use for background subtraction. Since there isno a
priori knowledge of the plume presence, no method is fail-proof. With a single-pixel spectrometer, the background may
be obtained by assuming that the spectrum at a given time contains no plume and subtracting it from subsequent scans.
This method assumes that the scene is constant in time; it is a good estimate if the scenery is not changing. More
sophisticated algorithms attempt to address the problem of changing scenery using neural network agorithms’ to learn
the background and classify detected signatures accordingly. When multiple-pixel information is available, as for a
hyperspectral imager, the background of each pixel may be estimated, based on the spectral information of the other
pixels’. This can be performed at varying degrees of complexity. The simplest approach is to approximate the
background signature of each pixéd as the mean spectrum of the entire scene. This approximation will be good when the
plume is small compared to field of view (FOV) of the sensor, and the spectral information of the scene is spatially
homogeneous. When various spectrally diverse components exist in the scene, the mean will not be a good estimate of
the background. There are aso methods to classify different components of a scene for better background estimation,
but they always risk misclassifying the anomal ous agent-containing pixels. Error in estimating the background trandlates
directly into error in determining the chemical signature, thus spatial or temporal fluctuations of the scene spectral
radiance can be problematic for agent detection.

The National Research Council (NRC) conducted a study” in 2003 to determine appropriate test protocols for standoff
chemical sensing. One of their conclusions was that the current protocol neglected to account for the variable
backgrounds that would be encountered in a real setting. One of their recommendations was to collect a variety of
background spectra in a wide range of conditions and to combine these measured backgrounds with laboratory
measurements of CWAS, concomitants and interferents. This would provide a representative set of spectra with which
to perform testing. In the spirit of these recommendations, we have acquired data at various indoor and outdoor sites
using a high fidelity LWIR hyerspectral imager from Telops Inc.®> We report a method of characterizing the scene
spectral variability in the channds relevant for detection of particular CWASs for the various scenes we have
investigated.

2. EXPERIMENTAL

The measurements were acquired with the Telops Inc. Fidd-portable Imaging Radiometric Spectrometer Technology
(FIRST). This instrument is a lightweight and compact imaging radiometric spectrometer. The spectra measurements
are performed using a Fourier-Transform Spectrometer (FTS). It uses a 320x256 LWIR PV-MCT focal plane array
detector that can be windowed and formatted to fit the desired size and to decrease the acquidition time. The windows
used for the results presented here are 256x256 and 256x196. Spectral resolution is user selectable and ranges from 0.25
to 150 cm™, with optimal system designed for 4 cm™. The resolutions that were used for the results reported here are 2,
4, and 8 cm™. This instrument gives the complete spectrum of each pixel in the image, each pixel having an
instantaneous field-of-view of 0.35 mrad.
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The ingrument has 2 interna calibration blackbodies used to perform a complete end-to-end radiometric calibration of
the measurements. In this study, they are also used to determine the contribution of the instrument to the total measured
Nnoise, so as to isolate scene-dependent effects. The LWIR version of the sensor used for this study has good sensitivity
over the 8-12 um band. This spectral band isideal for standoff chemical agent detection at ambient temperatures. The
sensor also has acquisition and processing eectronics, including 4 GB of high-speed DDR-SDRAM, with the capability
to convert theraw interferograms into spectra using real time Discrete-Fourier Transform (DFT).

The instrument outputs the measurements on a high-speed Cameralink interface. The configuration, monitoring and
real-time housekeeping data collection is performed using an Ethernet link. A bore-sight video camera takes
simultaneous visible images aligned with the imaging FTS. The instrument supports two operating modes: FTS mode
and Cameramode. In Camera mode, the insrument generates standard broadband thermal IR digital video and supports
up to 300 fps with the full 320x256 pixels of the focal plane array area. In FTS mode, the interferograms or the spectra
are transferred along with a header containing all configuration parameters and monitored values to be stored on the
computer.

LWIR background data was acquired with this sensor at various sites. The results presented here focus on the scenes
described in Table 1.

L ocation Scene components Spectral resolution
Quebec City River, sky, hills 2cm’
Office hallway Walls, floor and ceiling 4cm?
Dahlgren, VA | Buildings, scaffolding, hills, sky, 8cm’
grass

Table 1: Background scenes
3. APPROACH

The detection performance of the sensor in a particular setting will not only depend on the properties of the agent
plume, the interna noise of the sensor and the spectral fluctuations of the scene, but it will also depend on the spectral
properties of the agent of interest in relation to the spectral fluctuations of the scene. If the scene spectral fluctuations
are most prominent in spectral regions where the agent exhibits most of its absorption, they will more severely distort
detection capability. Conversaly, if most of the uncorrectable fluctuations occur in a spectral region where the matched
filter is not interrogating for the presence of agent, they will not be as problematic. We have devel oped a procedure to
assess the scene limited performance of individual scenes for particular agents.

The metric that we define in the following aimsto characterize the performance-limiting scene noise. It isintended to be
independent of sensor noise and plume properties, such as concentration and path length, but not agent identity, as
explained previoudly. In attempt to isolate the scene noise from sensor noise, we have first discarded bad pixels. Telops
Inc. has characterized the FIRST LWIR focal plane and provided a bad pixel map. This provided our firgt round of bad
pixels. Second, since our goal was to isolate the pure scenes as much as possible, and ensure that the sensor noise floor
was lower than the scene noise, we used very stringent requirements for declaring a pixe “good,” based on its spectral
response. After identifying and removing spectrally deviant pixels, we calculated the agent-dependent spectral noise of
the sensor, using the sensor’sinternal blackbody calibration sources. We calculated the agent-dependent spectral noise
of the measured scene, which inevitably includes contribution from the sensor, and we combined the two in a metric
that we refer to as the effective noise, o« The effective noise metric attempts to quantify the spectral noise induced by
the sceneitsalf, with respect to a specific chemica agent.

The bad pixels were determined on a spectral basis. To measure the calibrated spectral response of each pixel without
the presence of a background, ten data frames were acquired with each blackbody source filling the sensor field of view,
for atotal of 20 blackbody frames. There was a temperature difference of 10K between the two sources. The resulting
data was used to cal cul ate the complex gain and offset for each pixel, to be used for radiometric calibration. The gains
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and offsets were then subsequently used to calibrate each of the same 20 blackbody frames. The spectrum of each pixd,
s, viewing only the hot source, was represented by a point in n-dimensiona space, where n is the number of spectra
channels. The Mahalanobis distance, d,, the distance between the i pixel and the mean spectrum of all of the pixels,
was determined for each pixel and outlier pixels were removed from the good pixel map. The Mahalanobis distance for
each of P pixds, defined in Equation 2, was computed using the covariance matrix, 2, and mean, i, of only the pixels
included in Telops' good pixel map. This minimized their contamination by bad pixels. This process was repeated for
all 20 frames, until any pixe that did not fall very close to the mean spectrum was discarded. It should be noted that
many of the pixels that were discarded are not necessarily bad pixels and might be acceptable for usein areal sensing
scenario. However, for this application the goal was to remove as much of the sensor contribution as possible, so we
errored on the side of throwing away too many pixels.
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To characterize the sensor noise in the spectral channels of interest for a particular agent with absorption coefficient, o,
we define the metric, oca.. This is the magnitude of the agent signal divided by the square root of the matched-filter
enhanced signal-to-noise ratio squared, SNRy, of the sensor when observing a calibration source. Equation 3illustrates
that the agent concentration, path length, and temperature differential cancel out of this expression; this metric is
dependent upon agent identity but not on other properties of the threat.

el
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This metric has units of spectra radiance noisg; it is the magnitude of the signa divided by the signal-to-noise. Thisis
only representative of sensor performance if a Smilar matched filter is actually used for detection. The matched filter
that provides this signal-to-noise ratio maximizes the signal-to-noise by de-weighting noisy channels. Additionally, by
transforming the signa into a basis in which the scene noise is diagonal, we deal with the noise correlaion between
spectral channelsin an optima way that may help to reduce its effect. This metric provides the noise information in the
channels relevant for only the agent of interest because eigenvectors of the agent with no absorption features, when
transformed into the space of the covariance matrix, will have no overlap with the covariance matrix. Thus only the
regions of the spectrum with agent spectral features will be considered. A similar metric was used to characterize the
measured scene data of various backgrounds with the scene covariance matrix of each background.
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To characterize the spectral fluctuations of the scene itself relative to the fluctuations of the sensor, we define the
effective noise, ge in equation 5. The effective scene noise is the measured noise corrected for the sensor noise, both
defined above. This definition assumes that the noise measured while observing the calibration source is dominated by

the sensor itself, and not the calibration source. Thisisagood assumption since the temperature of the source should not
be rapidly fluctuating, nor should temperature fluctuationsresult in differences in narrow spectral features.
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Although we have chosen to observe the spectral fluctuations as a function of spatial position in this work, they can aso
be assessed as a function of time. While the spatial fluctuations are the relevant metric when using a hyperspectra
imager, the temporal fluctuations are the important quantity when using a single pixd insgrument. The relevant domain
depends upon how the background is estimated.

4. RESULTS

We have investigated three different scenes, described in table 1, an indoor halway, a natural scene including river,
hills and sky, and a scene of more urban appearance, including many different materials and buildings. In al three
cases, we only considered the spectral range 900-1250 cm™. This ensured that the large spectral fluctuations that occur
at the edges of the spectral range of the focal plane were avoided. We used atotal of 20 blackbody scenes to obtain the
estimate of the effective sensor noise, and 20 scene frames to obtain the estimate of the effective total noise. More
frames should be used to obtain higher confidence in the results. However, qualitative relationships may be deduced
from these results, and general trends observed. We have found that the indoor hallway and urban-like scene did not
have substantial effective noise, whereas the natural scene did have considerable effective noise with respect to sarin
and mustard HD vapor.

Indoor Hallway

We created a broadband LWIR image of each scene by averaging the radiance signal over all spectral bands. Because
the sensitivity of the sensor falls off at the edges of the spectral range, to minimize noise in these images, again we used
only the radiance in the spectral range, 900-1250 cm™. It is still possible to obtain spectral information outside of this
range, but in terms of imaging, using radiance beyond this range was not beneficial for most scenes that we visualized.
Bad pixels, identified by Telops, were corrected by assigning each bad pixe the median value of its nearest neighbors.
The image shown on the left side of figure 2 was acquired in an indoor hallway of an office environment. Clearly, there
was very little temperature contrast or variation of spectral emissivity in this scene. The covariance matrix used to
calcul ate the effective noise for this sceneis shown on theright. This covariance matrix exhibits very little off-diagonal
covariance. Thisindicatesthat thereisvery little correlated noise in the scene between spectra channds. The broadband
image concursthat thereis very little temperature change across the scene. The variation of intensity along the diagonal
of the covariance matrix indicates that there is more noise at the edges of the spectral range, where the sensitivity of the
focal planefalls off.
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Figure 1: Indoor hallway broadband image (in units of radiance, W/m? sr cm™) (l&ft) and covariance matrix (in
units of spectral radiance squared, (W/m st cm™)?) (right)

The effective noise values of this scene relative to sarin and mustard HD vapor were computed and tabulated in table 2.
We find that the indoor hallway scene does not appear to contain much more spectral fluctuation than the calibration
sources that we compare it to. The fact that the spectrd fluctuations are greater with respect to mustard, whose primary
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absorption feature occurs near the edge of the spectral range, is possibly aresult of the more highly fluctuating response
of the focal plane at that spectral band, which makes measurementsin that region inherently lessreliable.

Agent G caL G ot Oeif
Sarin 5.1x10% | 5.6x10% | 2.3x10%
Mustard HD | 6.7x10* | 7.5x10* | 3.4x10™

Table 2: Effective noise values for indoor hallway scene (units of Watts/m? st cm™)

Dahlgren, VA

The second scene we present was acquired near the Potomac River in Dahlgren, Virginia with 8 cm™ resolution and
256x256 spatial pixels. This scene exhibits much more diversity than theindoor hallway scene, as seen in the broadband
image shown on the l&ft in figure 3. It was processed in a manner similar to the image shown in figure 3. Again, the
covariance matrix of this sceneis shown on theright side of figure 2. It is clear that the scene is highly correlated at the
small wavenumbers and less correlated at larger wavenumbers. By inspection, one might assume that the variation in
scene spectral radiance for this scene would be problematic because of a much greater temperature contrast relative to
the indoor scene. However, the matched filter enhanced signal-to-noise explaits correlation in the background scene to
correct for variations that happen in a predictable manner. The matched filter enhanced signal-to-noise ratio accounts
for the SNR enhancement that taking advantage of correlation provides.

Covariance matrix of Dahlgren scene x10°
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Figure 2: Dahlgren, VA broadband image (in units of radiance, W/m? sr cm™) (l&ft) and covariance matrix (in
units of spectral radiance squared, (W/m st cm™)?) (right)

The effective noise values listed in table 3 indicate that exploiting the correlated nature of the scene radianceis effective
in removing a great deal of the background fluctuation. The values listed in the table reflect the remaining uncorrelated
noise that cannot be corrected for. Until a systematic study is performed to determine exactly what is causing the
difference in effective calibration noise between data sets and how it is affected by blackbody temperature and spectra
resolution, a quantitative comparison is premature. But, generaly, we do find that the effective noise of this scene is
significantly higher than the calibration effective noise, similar to the indoor hallway scene, which we know has very
little spectral variation. This result indicates that the spectral variability of a scene may not be predicted by merely
observing broadband image. Scenes that appear to have large variations may contain enough correlation between
spectral channds that much of the variability may be removed.

Agent G caL G ot Oeif
Sarin 4.2x10* | 5.3x107 | 3.2x10*
Mustard HD | 5.2x10% | 6.2x10* | 3.4x10™

Table 3: Effective noise values for Dahlgren, VA scene (units of Wattsm? sr cm™)

Proc. of SPIE Vol. 6218 621807-6



Quebec City

The final scene that we present was acquired in Quebec City, looking at theriver, hills and sky. It was acquired with 2
cm™ spectral resolution with a spatial window of 256x196 pixels. Again, the broadband image of the sceneis shown on
the left of figure 3 and its covariance matrix is shown on the right. Similar to the scene in Dahlgren,VA, there is
substantial intensity in the off-diagona eements of the matrix, indicating a high degree of spectral correlation among
pixes.
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Figure 3: Quebec City broadband image (in units of radiance, W/m? s cm™) (left) and covariance matrix (in
units of spectral radiance squared, (W/m st cm™)?) (right)

Although this scene exhibits substantial noise correlation among spectral channels, there is till substantial residual
noise after the matched filter operation has been performed. Again, a direct comparison between scenesis probably not
warranted at thistime, but it is clear that the effective noise of the scene is large compared to the calibration effective
noise.

Agent G caL G ot Oeif
Sarin 7.3x107* | 10.7x10™* | 7.8x107
Mustard HD | 8.5x107 | 11.1x107 | 7.1x107

Table 4: Effective noise values for Quebec City scene (units of Watts/m? s cm™)

By inspection, it seemed that this residual noise was a result of mixing spectraly diverse components: sky, hill and
water. To further investigate, we calculated the effective noise for homogeneous portions of the scene, expecting to find
that each component had much lower effective noise than the scene as a whole. Although this was the case for the sky
and hill, it was not true for the river. The values are tabulated in table 5. The noise value for the river portion of the
scene was somewhat higher than the other scene components. The sky and hill are relatively spectrally constant. We
expect the water to be spectrally homogeneous since liquid water has a relatively flat spectra response. However, it
exhibits the most effective scene noise.

Scene G caL G ot Geit
component(Agent)
Sky (Sarin) 5.8x10" | 7.5x107 | 4.8x10™
Sky (Mustard HD) 6.7x10” | 8.0x10” | 4.4x10™
Hill (Sarin) 6.1x107 | 7.8x10” | 4.7x10"
Hill (Mustard HD) 7.1x107 | 8.9x10” | 5.7x10"
River (Sarin) 6.5x10” | 10.x10" | 1x10°
River (Mustard HD) 7.6x107 | 11x10" | 1.1x10°

Table5: Effective noise values for different components of Quebec City scene (units of Wattsm? sr cm™)

To begin to understand this effect, we have further investigated these three portions of the scene. First, we plot a
spectrum of each of three pixels taken from the portions of the scene named in table 5.
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Spectra from Quebec Scene
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Figure 4. Scene spectra of components of Quebec City view

According to the low radiance value of the pixel looking at the river, it radiates the least energy. Inspection of the
broadband image confirms that this portion of the scene is coldest. The structure of the spectrum indicates that water
vapor between the sensor and the river is emitting. The lines between 1100 and 1250 cm™, shown in figure 4, match
with the lines in the library water vapor spectrum’. The pixel observing the sky has a higher temperature, as indicated
by its higher intensity in figure 4 and brighter overall radiance in figure 3. Water vapor in the path between the sky and
the sensor is also emitting. Its emission features are somewhat smaller than the emission features of the vapor over the
river. Although the sky path length is much longer, the temperature contrast between the river and water vapor is
greater, and perhaps the concentration of water is greater directly above the river. Both of these effects could explain
why the emission of the water vapor is greater over the cold river than through the atmosphere. On the other hand, the
pixel observing the hill shows negative peaks in its intensity, indicative of water vapor absorption. The hill is not only
warmer than the water or sky, as seen by its intensity, but the fact that the water vapor absorbs in this region signifies
that the hill is also warmer than the air.

Quebec City: River pixels

Upon observation of the covariance matrix of only river pixels, we natice that the correlation between spectral channels
occurs at much narrower wavenumber bands than it does over the entire scene. The spectral channels whose noise is
largely correlated to other channels coincide with the water vapor absorption lines. These correlated channels al'so have
higher noise along the diagonal. On the right hand side of figure 5 the square root of the diagona of the covariance
matrix isoverlaid on alibrary spectrum of water vapor, to illustrate that the noise occurs at the water vapor lines.
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Figure 5: Covariance of river pixelsmatrix (left, in unitsof spectral radiance squared, (W/m st cm™®)?), square
root of diagonal of the covariance matrix (right)
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Oneinterpretation of thisresult is that the water vapor concentration or path length is changing from pixel to pixel and
that this contributes to spectral fluctuationsin this portion of the scene. One possible explanation for the higher effective
noise in the river pixels is the changing emissivity of the water as the viewing angle of light varies while looking at
different facets of the water surface. Validation of this hypothesis requires further investigation.

Quebec City: Sky pixels

For comparison, we have also observed a similar dice of the sky pixels (only 10 pixels high and 256 across). The
covariance matrix is shown on the left in figure 6. Similar to the river pixels, many of the bands exhibiting high
correlation coincide with water vapor absorption lines. Negative covariances occur between channels where one is
emitting and the other is not. As shown on the right side of figure 6, the river pixels exhibit more correlation in the
larger wavenumber channels while the sky pixels are more correlated in the smaller wavenumber channels. This needs
to be studied further.

Covariance matrix of sky x 10° x 10° Square root of diagonal of covariance matrix, river and sky
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Figure 6: Covariance of small slice of sky pixels (sky 1) (Ieft, in units of (W/m st cm™)?), squarer oot of diagonal
of the covariance matrix (right)

Next we have observed progressively taller dices of sky to observe how the covariance matrix responds. We begin with
avery short slice of highest altitude sky, which extends across the whole x-axis of the image and down to the 10" pixel
in the y dimension, designated sky 1. The results were shown in figure 6. The second dlice extends from the top of the
image down to the 30" pixel. Sky 3 refers to pixels from pixel 1 down to pixel 50. Sky 4 extends to pixel 60 and sky 5
to pixel 90. Figure 7 illustrates the portion of the imageincluded in each sky dice.

Sky designations

spatial pixels

50 100 1 200 250
spatial pixels

Figure 7: Sky dlice designations
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When increasing from only 10 pixels tall to 30 pixestal (ky 2, left) the sharpness of the correlations is smoothed as
the spaces between them become more correlated, most likely due to the larger range of sky temperature that is captured
in this taller dlice. Additionally, correlation at the ozone absorption bands is observed, indicating that we are now
viewing pixels with different concentrations of ozone, as is expected with this wider range of altitudes. This effect is
accentuated astaller dices of sky are observed. Theright side of figure 8 is the covariance matrix of a 50 pixel tall dice
(sky 3).
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Figure 8: Covariance of different slices of sky pixels (sky 2& 3) (in unitsof (W/m st cm™)?)

Thisis repeated for a 60 pixe tall dice (top) and finally a 90 pixe tall dice (bottom). When we increase the height of
the window beyond 50 pixels, we see that the channd s that are more correlated occur where there are no water lines or
ozone lines. When the height of the dlice becomes tall enough, correation due to temperature difference dominates
correlation due to the water lines; the spectral regions where there are no lines become more correlated. The ozone
absorption bands are evident in the plot of the square root of the covariance matrix diagona (right). This trend of

temperature domination of correlation increases as a wider range of altitudes becomes present, as seen between top and
bottom of figure 9.
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Figure 9: Covariance of different slices of sky pixels (sky 4& 5) (Ift, in units of (W/m sr cm™)?), squarer oot of
diagonal of covariance matrix (right)

5. CONCLUSIONS

We have investigated LWIR hyperspectral data cubes acquired with a Telops FIRST sensor® in three different
backgrounds. an indoor hallway, a scene of urban appearance in Dahlgren, VA and a more natura scene in Quebec
City. We have devel oped metrics to assess the degree of fluctuation in scene spectral radiance relative to the spectral
features of sarin and sulfur mustard. The metric, effective noise, is intended to isolate the scene radiance noise from the
sensor radiance noise. It reflects the scene spectral radiance fluctuation remaining after spectral correlation from pixel to
pixel has been exploited, as would occur with the use of a matched filter detector.

We have found that the effective noise measured for each scene while observing the calibration sources only was not the
same from data set to data set. It is still to be determined how this particular metric is affected by the temperature of the
calibration source and the spectra resolution. However, some genera trends have been observed. The indoor scene,
with very little temperature contrast, exhibits very little corrd ated noise and has a small effective noise value. Although
the scene of urban appearance obviously has high temperature contrast and high correlated noise, the effective noise is
not large since variation in the scene spectral radiance due to the different temperatures is dealt with in an optimal way
by using a matched filter. The scene of natural appearance, also exhibiting large correlated noise, has a significant
effective noise value. Our results imply that the amount of scene spectral radiance may not be predicted by observing a
broadband image only. A scene with high temperature contrast will not necessarily be a difficult environment in which
to detect a chemical agent. Although the spectral radiance does vary from pixel to pixel, the use of a matched filter
detector deals with that correlation in an optimum way. Upon further refinement of our metric, it will be used to assess
the ability to detect specific chemical agentsin specific environments.
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