
1

Accepted Applied Optics, May 2001

Thermal Infrared Spectral Band Detection Limits for
Unidentified Surface Materials

Laurel E. Kirkland1, Kenneth C. Herr2, and John W. Salisbury3

Abstract.  Infrared emission spectra recorded by airborne or satellite spectrometers can be searched
for spectral features to determine the composition of rocks on planetary surfaces.  Surface materials
are identified using detections of characteristic spectral bands.  Here we show how to define
whether to accept an observed spectral feature as a detection when the target material is unknown.
We also use remotely sensed spectra measured by TES and SEBASS to illustrate the importance of
instrument parameters and surface properties on band detection limits, and how the variation in
signal-to-noise ratio with wavelength affects which bands are most detectable for a given
instrument.  The spectrometer's sampling interval, spectral resolution, signal-to-noise ratio as a
function of wavelength, and the sample's surface properties influence whether the instrument can
detect a spectral feature exhibited by a material.  As an example, in the 6–13 µm wavelength
region, massive carbonates exhibit two bands:  a very strong, broad feature at ~6.5 µm, and a less
intense, sharper band at ~11.25 µm.  Although the 6.5 µm band is stronger and broader in
laboratory measured spectra, the 11.25 µm band will cause a more detectable feature in TES
spectra.

1.  Introduction
Remote sensing by airborne and satellite spectrometers
is currently being used to detect minerals and rocks on
the Earth and planetary surfaces.  To identify the min-
erals present, the remotely sensed spectra may be
searched for matches to signatures of materials using
analog laboratory spectra.  However, hundreds of min-
erals are possible, and the signatures vary non-linearly
with grain size, which gives a wide continuum of sig-
natures.  Thus the range of signatures to search for is
commonly constrained using ground truth or general
geologic knowledge.  The fewer the channels that are
measured by the remote sensing instrument, the more
important it becomes to constrain the possible mineral
signatures present. If a remotely sensed spectrum shows
no evidence of a band that is known to exist in a mate-
rial, then this may be used to place upper limits on the
amount of the material present.

Several remote sensing studies of solid materials
have
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examined detection limits based on spectral signature
mapping, such as linear spectral mixing models of the
full spectrum using laboratory spectra,1,2,3 or optimal
matched filters.4,5,6  Spectral signature mapping tech-
niques have in common the same first step, which is to
define the spectral signatures to search for using a
spectral library or from within the scene.  The success-
ful application of these methods to identifying mineral
signatures in remotely sensed spectra is affected in
main by two issues.

First is how well the remotely sensed spectra can be
calibrated to a unit such as reflectance or apparent em-
issivity for comparison to laboratory spectral endmem-
bers.  Instrument calibration and atmospheric compen-
sation uncertainties, and variations in the background
continuum also increase the difficulty of making a di-
rect match to laboratory spectra.  The situation is made
more difficult when there are no accompanying ground
truth measurements to use to define signatures to search
for in the remotely sensed spectral data base.

Second, since the spectral shape varies with particle
size, weathering, and surface properties that are unre-
lated to composition, the quality of the result depends
on how inclusively the chosen endmembers represent
the variations present in the data set, and whether the
remotely sensed spectra have the spectral resolution,
range, and SNR to discriminate between all the end-
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members.  The possible presence of non-linear mixing
effects, such as occurs for very small particle
sizes,6,7,8,9,10 significantly increases the difficulty of
formulating an appropriate range of endmember signa-
tures to use to search the spectral data base.5,6  Search-
ing for the spectral signature matches requires the de-
sired spectral signatures to be pre-defined, although the
signatures may not be well known when there is no ac-
companying ground truth.  Thus these powerful tech-
niques are most optimal when there is knowledge about
the range of materials present.

Other studies have focused on discriminating mate-
rials using statistical variations within the data set11,12,13

or unidentified endmembers defined from within the
data set.14,15  These approaches may discriminate be-
tween spectral classes, but when the signatures cannot
be directly compared to laboratory spectra, the classes
must be identified using ground truth.16  Gases are
commonly detected against the background signature in
relatively narrow gas bands.17,18,19

Thus while spectral signature mapping methods
such as linear mixture modeling and optimal matched
filters are very powerful, remote sensing studies that
have to proceed without benefit of ground truth must
also include analysis of the spectral data base from a
different perspective.  If the target material composition
is unknown and cannot be well-constrained, for exam-
ple as occurs in remote sensing measurements of Mars
and some terrestrial studies that lack ground truth, then
the signatures to search for are unknown.  In addition,
the available spectral libraries may not contain spectra
of all the possible materials and particle sizes present.
This is especially a consideration when weathering
products are present because the composition, texture,
particle size, and spectral signatures of weathering
products vary considerably.  As a result, remotely
sensed spectra of unconstrained targets are also
searched for detections of spectral features without as-
suming an a priori signature, and then attempts are
made to identify the observed features.  If a feature is
detected that does not match those present in the avail-
able spectral libraries, then the shape and center of the
observed feature is used to constrain which additional
materials to examine in the laboratory to search for a
spectral match to identify the unknown signature.

The minimum amount of a material that can be de-
tected depends in part on the spectral band strength
(spectral contrast) that the material exhibits at the spec-
tral resolution and sampling of the instrument, the
amount of material present, and the signal-to-noise ratio
(SNR) of the recorded spectrum.

For example, in the 6–13 µm wavelength region,
there are two clear carbonate bands: a very strong,
broad feature at ~6.5 µm, and a weaker, sharper band at
~11.25 µm. However, while the 6.5 µm band is stronger
and broader, it will not necessarily be more detectable

than the 11.25 µm band by a given remote sensing in-
strument, since the instrument performance as a func-
tion of wavelength and the surface properties of the
sample studied impact the detection limit. Noise limits
the minimum band depth that can be detected, and since
signal varies with wavelength, the SNR and detection
limit also vary with wavelength.  Spectral resolution
also affects the detection limit.  Poorer spectral resolu-
tion causes the band recorded to be shallower and
broader, lowering the apparent spectral contrast. As a
result an instrument that measures with poorer spectral
resolution must measure with higher SNR in order to
detect a material with the same sensitivity.

Another important effect is the variation in band
contrast with material properties that are unrelated to
composition.  The spectral contrast of strong bands
(called reststrahlen bands) decreases with increasing
surface roughness or decreasing particle size.  Thus
spectral band depth is not a function of composition
alone, but also of physical properties.  However, pub-
lished detection limits often do not state the background
assumptions about the target's physical properties, such
as grain size and surface roughness.  For clarity, the
surface properties and particle sizes should always be
included when stating a detection limit.

If a spectrum measured of an unknown surface ex-
hibits a possible spectral feature, we would like a quan-
tified method to determine whether to accept the feature
as a detection.  However, in remote sensing composi-
tional studies of solid surfaces, there is no clearly es-
tablished method to calculate the minimum band depth
a single feature of unknown origin must exhibit in a
remotely sensed spectrum to be accepted with a set con-
fidence level.  For a case in point, Figure 1 shows an
example remotely sensed spectrum measured of Mars
by the 1996 Global Surveyor Thermal Emission Spec-
trometer (TES, 6–50 µm).20  The spectrum has been
converted to apparent emissivity by division of the
Planck blackbody curve at the estimated surface tem-
perature.  In studies of Mars, the surface kinetic tem-
perature is commonly estimated as the brightness tem-
perature in the ~7.8 µm region,21,22,23 and for this exam-
ple we use the brightness temperature at 1290 cm–1

(7.75 µm), which is 270 K.  Noise causes the emissivity
in Figure 1 to exceed 1.0 at shorter wavelengths.  We
desire to determine whether any given feature in the
spectrum may be accepted with a set confidence level
as a detection relative to the local continuum.

Here we present a method to quantify this minimum
depth, the band detection limit.  A well-defined method
will facilitate discussions of detection limits, and de-
terminations of which features to accept as a detection.
The band detection limit depends on the SNR of the
spectrum, the band width at the spectral resolution and
spectral sampling interval of the instrument, and the
desired confidence level.
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Fig. 1:  Example spectral feature. This shows a typical TES
spectrum measured of Mars. Transmission through the silicate
aerosol dust is the main contributor to the broad, strong
~1100 cm-1 band.  The dashed line illustrates the approximate
local continuum in the ~925 cm-1 region. We desire to quan-
tify which spectral features to accept as a detection with a de-
sired confidence level relative to the noise and local contin-
uum.  For example, should the feature marked with the arrow
at ~925 cm-1 be accepted as a detection?  TES spectrum
57023856, from the NASA archive of TES data.

We will also illustrate the variation in the detection
limit as a function of instrument and target characteris-
tics, and show the importance of including these char-
acteristics with any statement of detection limits.  To
provide examples of remotely sensed thermal infrared
spectra, we utilize spectra from TES and the airborne
hyperspectral Spatially Enhanced Broadband Array
Spectrograph System (SEBASS, 7.57–13.52 µm), and
for an example laboratory signature, we utilize calcite.
We will focus on the calcite bands near 6.5 and
11.25 µm to provide examples of (1) stronger and
weaker spectral features;  (2) narrow and wide spectral
features; and (3) a range in Planck blackbody signal,24

and thus SNR.  This combination allows the best illus-
tration of the variation of the detection limit with
wavelength, band width, and SNR.  However, the
method described can be applied to any remotely meas-
ured data set or infrared wavelength region.

2.  Causes of Variations in Band Depth
Material properties that are unrelated to composition
cause variations in spectral band strengths, so a state-
ment of detection limits should carry with it a descrip-
tion of the material's spectral and physical properties,
and not just the composition.  The most important sur-
face properties are roughness effects that cause a cavity
(hohlraum) effect, and particle size and roughness on a
scale that causes volume scattering.

2.1. Cavity Effect
The primary effect of increasing surface roughness at

all scales is the increasing cavity (hohlraum) effect.
The cavity effect occurs when energy emitted from a
cavity undergoes multiple scattering from internal cav-
ity surfaces, which reduces spectral contrast by in-
creasing the total emissivity.25,26,27  The effective emis-
sivity increases nonlinearly with the number of times
the energy is reflected before exiting the cavity (Fig-
ure 2), and is given by:27

)1()1(1 +ε−−=ε count
e (1)

where εe = the effective emissivity;  ε = the true emis-
sivity of the cavity wall; and count = the number of
times the energy is reflected.
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Fig. 2:  Cavity effect. The effective emissivity increases with
the average number of reflections of the exiting radiance.
This plot illustrates the increase in effective emissivity with
number of reflections, assuming an absolute emissivity of 0.8
(solid line) or 0.95 (dashed line), using Equation 1.  A variety
of common effects may cause cavities, such as pits that occur
between individual rocks in a pile of pebbles or boulders;
grooves or joints in rocks or outcrops; weathering facets or
pits cut into individual rocks, and vesicles that are part of the
rock texture.

In general, the greater the ratio of the cavity depth
to entrance width, the greater the number of reflections
and increase in total emissivity, and the lower the ob-
served spectral band contrast for all the bands in the
spectrum.26  Therefore lower spectral band contrast is a
direct result of the presence of pits or vesicles in the
target material.  Cavities may occur at a variety of
scales, such as pits that occur between individual rocks
in a pile of pebbles or boulders; grooves or joints in
rocks or outcrops; and weathering facets or pits cut into
individual rocks.  In addition, when a mineral is pul-
verized, it loses spectral contrast relative to a polished
surface because of the resulting interstices between
grains form cavities that reduce spectral contrast in the
same way as cavities that occur in a pile of pebbles or
boulders.

wavelength, µm

wave number, cm-1
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2.2.  Volume Scattering
Volume scattering occurs when the optical depth of a
particle decreases enough for photons to survive pas-
sage through the volume of a grain.6,7,8,9,10  This may
occur in a small particle, or from the presence of opti-
cally thin edges of larger particles, and microscopically
rough surfaces.

As previously noted, when a mineral is pulverized,
it loses spectral contrast compared to a polished surface
due to the cavity effect.  As the particles become even
smaller, they also become optically thin, and then vol-
ume scattering also subtracts from the spectral contrast
of the reststrahlen bands.  When the scale of the surface
roughness is fine enough, this creates many optically
thin, rough edges, and multiple scattering becomes in
part volume scattering.  This can be discerned when the
shape of the reststrahlen band is changed by self-
absorption, and shifts from having the character of a
spectrum measured in reflectance or emission toward a
spectrum measured in transmission.10  The effect is
non-linear,7,8,9 and in field spectra increases the diffi-
culty of accurate spectral signature mapping.5,6

3.  Remote Sensing Data Used
We focus on TES spectra to illustrate the variation in
detection limits with instrument parameters.  We also
include a brief description of airborne, terrestrial SE-
BASS spectra, which we use to provide an additional
example of effects present in field measurements vs.
laboratory spectra.

3.1. TES
At the heart of TES is a Michelson interferometer
spectrometer that measures from ~6–50 µm (1667 to
200 cm-1).20  In the most commonly used spectral mode,
the "10 cm-1 sampling mode," TES returns spectra con-
taining 143 discrete measurements over a range of
~1470 cm-1, and records one measurement every
10.58 cm-1.  In this mode, TES has a mirror throw of
0.25 mm,20 which gives an unapodized spectral resolu-
tion of 20 cm-1 if defined as the first zero crossing of
the unapodized sinc response function28, or 12.1 cm-1 if
measured as the full width at half maximum of the sinc
response function.20  TES also has a "5 cm-1 sampling
mode," which has better spectral resolution and records
286 measurements per spectrum, but these spectra were
only occasionally taken during the period for which
data are currently available, and are not used here.

TES has 6 detectors in a 2x3 array, and each detec-
tor is mounted off the optical axis.  Optical apodization
caused by the off-axis positioning of each detector
within the array has three effects, which are to
(1) degrade the spectral resolution from the value ob-
tained using only the mirror throw; (2) cause the spec-
tral resolution to vary with wavelength; and (3) cause
each detector to measure a slightly different wave-

length.20,28  The two center detectors (2 and 5) are clos-
est to on-axis,29 and thus have the best spectral resolu-
tion (Figure 3).  To provide consistent spectral resolu-
tion and wavelength measurements for this study, we
used detector 5, which measures with the best spectral
resolution.
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Fig. 3:  TES spectral resolution. This shows the TES spectral
resolution as modeled by the TES team. The gray (upper)
curve shows the values for detector 1, which has the poorest
spectral resolution of the 6 detectors, and the black (lower)
curve for detector 5, which has the best spectral resolution.
Optical apodization28 from the off-axis positioning of the de-
tectors causes the difference.20  The nominal TES spectral
resolution is 20 cm-1.  The data shown are from the NASA
Planetary Data System (PDS) archive of TES data, modified
from their presentation as the full width at half maximum of
the sinc function to the more standard sinc first zero cross-
ing,28 using a scale factor of 20/12.1 cm-1.

The digitization noise for TES varies with the
maximum signal measured. TES measures interfero-
grams in volts, and calculates the Fast Fourier Trans-
form (FFT) of the interferograms onboard.  Only these
transformed spectra are returned to Earth, in uncali-
brated units called "transformed volts".29  Before being
relayed to Earth, spectra are digitized to 11 bits plus
sign, and each spectrum has a scaling factor applied,
using:

scale
chrawchf 2)( ⋅= (2)

where fch is the formatted data in transformed volts that
is transmitted to Earth; ch is the channel, and TES has
143 channels per spectrum; raw is the unscaled, 12-bit
value; and scale is a single exponent value that is as-
signed onboard to all the channels in a given spec-
trum.30  TES selects the scale value based on the maxi-
mum absolute value recorded in the interferogram.
Deep space spectra typically have a scale of 7 because
they record a large maximum absolute value due to the
large difference in temperature between the instrument

detector 1

detector 5
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and deep space.  The internal blackbody spectra typi-
cally have a scale of 2 or 3, and typical daytime, non-
polar spectra of Mars have a scale of 6.

The full 11 bits possible are spread over the chosen
scaled range, so that the TES digitization precision
varies with the scale assigned.  For example, a scale of
7 has digitization steps of 0.0625 transformed volts; a
scale of 6 and 5 have digitization steps of 0.03125 and
0.015625 transformed volts, etc.  Thus for TES the dig-
itization noise varies with the maximum signal meas-
ured, so that spectra with a smaller assigned scale have
lower digitization noise.  Deep space and limb spectra
have the highest digitization noise, and internal black-
body spectra the lowest.

3.2. SEBASS
The airborne hyperspectral Spatially Enhanced
Broadband Array Spectrograph System (SEBASS) is a
cooled prism spectrometer.  It measures in the mid- and
long-wave infrared terrestrial transmission "windows"
comprising two wavelength ranges: 4132–1876 cm-1

(2.42–5.33 µm) and 1321–740 cm-1 (7.57–13.52 µm).31

Each range is measured in 128 channels, with a spectral
resolution of 7 cm-1 at 890 cm-1 (defined as two times
the 3.5 cm–1 sampling interval), and a one milliradian
field of view per pixel.  SEBASS operates as a push-
broom instrument, using two 128 x 128 detector arrays,
and the entire optical bench is cooled to 4 K using liq-
uid helium.  It is operated by The Aerospace Corpora-
tion's Office of Spectral Applications, under the direc-
tion of John Hackwell.  We utilize here the longer
wavelength SEBASS data, and hyperspectral images
that are 128 pixels wide and 2000 pixels long, measured
with a surface spatial resolution of ~2 x 2 m2.

4.  Method
The band detection limit is the minimum percent band
depth that a feature of unknown origin in a single spec-
trum must have to be accepted as a detection with the
desired confidence relative to the noise.  It depends on
the (1) instrument SNR,  (2) instrument spectral resolu-
tion and sampling interval, (3) target spectral band
depth, (4) band width, and (5) desired signal level
above the noise.  Below we detail how to calculate each
of the parameters listed above, and then explain how
they are combined to calculate the desired detection
limit, and we discuss atmospheric effects that degrade
the detection limit.

4.1. SNR
To calculate the SNR, the signal at a given temperature
and the noise must be determined, and then ratioed.
The standard signal is typically calculated for a 300K
blackbody target for terrestrial measurements, and a
270K target for Mars.

For TES, we calculate the 270K signal using spectra

recorded of the TES internal blackbody calibration tar-
get, using raw units, which for TES are called "trans-
formed volts."  The calculation works similarly using
any raw unit; for example, we use Digital Numbers
(DN) in our calculations for spectra from the 1969
Mariner Mars Infrared Spectrometer (IRS).

To calculate the signal, first we assume that deep
space is at 0K.  Next we make a linear fit for each TES
channel from an average deep space spectrum to a cali-
bration blackbody target spectrum (Figure 4).  The
blackbody spectrum shown in Figure 4 was recorded by
TES in-flight of its internal blackbody target at 286.6K.
Negative values represent measurements taken of a tar-
get colder than the TES internal signature, and positive
values a target warmer than TES.32  A linear interpola-
tion to 270K is made using a two point fit to:

x1, y1 = Rad0K, DSvolts[λ] (3)
x2, y2 = Rad286.6K, BBvolts[λ],

where Rad0K and Rad286.6K give the blackbody radiance
at 0K and 286.6K respectively; DS[λ] is the deep space
spectrum value in transformed volts for each wave-
length measured, and BB[λ] is the blackbody target.
The fit is then solved for each wavelength measured at
x = radiance at 270K, which gives the values for the
desired standard temperature.  Finally, the signal is the
difference between the 270K curve and the deep space
curve (Figure 4).
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Fig. 4: TES signal.  The upper, dashed line shows an average
of 3 spectra of the internal blackbody target at a temperature
of 286.6K, and the bottom trace shows an average of 5 deep
space spectra.  The middle trace shows the blackbody spec-
trum interpolated to a 270K target. For the signal-to-noise
ratio calculation, the signal at a given wavenumber is the dif-
ference between the 270K and DS curves.  This plot shows
that TES has the highest signal in the ~1000 to 350 cm-1 re-
gion.  Blackbody target measurements are spectra 576023692
to 96, and the deep space measurements are spectra
575978746 to 54.
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We calculate the noise using deep space spectra,
based on the assumption that at a given wavelength,
noise causes all the variation in sequential measure-
ments of deep space. TES periodically measures three
or five deep space spectra sequentially for its calibra-
tion.  The TES root mean square (rms) noise is calcu-
lated by first calculating the variance at each wave-
length, using the raw, sequentially measured deep space
spectra.  Then the rms noise is the average of the square
root of the variance from all wavelengths.  For the ex-
ample shown here, the peak-to-peak noise is calculated
from five deep space spectra by first calculating the dif-
ference between the maximum and the minimum signal
value measured at all 143 wavelengths (Figure 5).
Then the peak-to-peak noise is the maximum differ-
ence.  Finally, the signal-to-noise ratio is the signal at
each wavelength measured divided by either the rms or
peak-to-peak noise (Figure 6).

Since we desire to examine the detection limit for
individual spectra, we use the peak-to-peak noise rather
than the rms noise.  Peak-to-peak noise is typically ~5
times the rms noise,28 and for the TES spectra exam-
ined, the factor is 5.2.  It is also common to use aver-
ages of spectra or other processing techniques to in-
crease the SNR.  When this is done, the SNR should be
re-calculated to account for the improvement.
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Fig. 5:  TES noise. This shows the difference between the
maximum and minimum value measured at each wavelength
of 5 TES deep space spectra (spectra 575978746 to 54). For
the signal-to-noise ratio calculation, the peak-to-peak noise is
the maximum of the 143 values shown, which here is
0.375 transformed volts. The "stepped" appearance of the plot
reflects the digitization noise, and the digitization steps are
0.0625 transformed volts for deep space spectra, which trans-
lates to a peak-to-peak noise of 6 digitization steps. This indi-
cates digitization noise does not dominate the peak-to-peak
noise present in TES spectra.
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Fig. 6:  SNR vs. wavelength.  Shown are the peak-to-peak
signal-to-noise ratio values for TES when measuring a black-
body at 270K.  Higher values represent higher quality.  De-
tector response and the Planck radiance signal cause the broad
shape of the curve, while instrument absorptions cause the
finer detail.  For reference, arrows are drawn to indicate the
SNR values at 891 and 1538 cm-1 (11.2 and 6.5 µm), near two
of the carbonate band centers examined.

4.2. Spectral resolution and sampling
The band area recorded in a spectrum is essentially in-
variant with the instrument's spectral resolution, but the
measured band becomes wider and shallower as spec-
tral resolution degrades.33 We use hemispherical re-
flectance laboratory spectra measured by Paul Adams
(The Aerospace Corporation) at a resolution of 4 cm-1,
which is sufficient to record accurately the full depth of
the mineral features of interest.  To simulate the signa-
ture that the remote sensing instrument would record,
we convolve each laboratory spectrum to the nominal
spectral resolution of the instrument (20 cm-1 for TES),
and sample the resulting spectra at the same band cen-
ters as measured by TES.

We examined laboratory spectra measured of a
limestone and a calcrete sample from the Mormon
Mesa, Nevada34,35 (Figure 7).  These spectra were
measured in hemispherical reflectance and converted to
emissivity using Kirchhoff's Law,36 and had the contin-
uum removed by division to cubic spline fits.37  X-ray
diffraction shows that the limestone consists mainly of
calcite, and the calcrete mainly of calcite and quartz.
Analysis using acid dissolution indicates the limestone
is composed of 99.5% calcite, and the calcrete 92% cal-
cite.38  Since we would like to compare band depths for
pure endmembers, the calcrete sample has been scaled
to the spectral contrast it would exhibit for the 890 and
1540 cm-1 bands if it consisted entirely of calcite, using
scaled emissivity = (measured emissivity-0.08)/0.92.
The cavity effect caused by the rough, pitted surface,
and volume scattering from the small, angular grains
cause the lower band contrast exhibited by the calcrete
relative to the limestone.34
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4.3.  Mineral band depth
We utilize the laboratory spectra from step 2 to calcu-
late the mineral band depths, expressed in percent. The
depth of narrow bands, such as the 11.25 µm calcite
band, is most strongly affected by lower spectral reso-
lution and more sparse sampling that are typical of most
remotely sensed spectra relative to laboratory spectra.
Both make the recorded feature have lower spectral
contrast.

4.4.  Mineral band width
The band width is measured as the full width at the half
maximum of the band depth,39 using the laboratory
spectra from step 2 above and shown in Figure 7.

4.5.  Confidence factor
This sets how much spectral contrast relative to the
peak-to-peak noise level a feature should have to be ac-
cepted with the desired confidence.  Lower values rep-
resent acceptance at closer to the noise level, and values
most commonly used are 1, 2, and 3.40  Here we focus
on a confidence factor of 2 to illustrate results for the
mid-range.
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Fig. 7:  Laboratory spectra. These spectra are convolved to
20 cm-1 spectral resolution, and sampled at the same intervals
as TES, and have had the continuum removed by division to
cubic spline fits. Both the limestone and the calcrete consist
predominantly of calcite. A pitted, rough surface causes a
cavity effect, and small, angular grains cause volume scatter-
ing, both of which decrease the spectral contrast in the cal-
crete relative to the limestone. This shows the importance of
stating the assumed band contrast for a derived detection limit
for a given material, such as calcite, since band contrast varies
with properties unrelated to the composition. Spectra were
measured by Paul Adams (The Aerospace Corporation), con-
verted to emissivity using one minus hemispherical reflec-
tance.

4.6.  Atmosphere
Atmospheric effects are very important in remote
sensing surface studies, and there are many methods of

atmospheric compensations.  The subject warrants long
standalone discussions that are too extensive to include
here, but Shott41 gives an excellent review of methods,
and Smith et al.42 describe methods applied to TES.

Atmospheric absorptions will attenuate the signal
from the surface, thus decreasing the surface signal and
lowering the effective SNR.  In addition, at the lower
spectral resolution that is typical of many remote sens-
ing measurements, the atmospheric signature can mimic
typical mineral features, thus making it less certain
whether a mineral or atmospheric component causes a
given feature. The lower the spectral resolution of the
instrument, the greater the loss of characteristic spectral
detail, and the more difficult this problem becomes.
Also, in general, the stronger the atmospheric absorp-
tion, the greater the uncertainty in the atmospherically
compensated signature.

We do not include these effects in the example cal-
culation of detection limits because they depend
strongly on the particular atmospheric compensation
used, the atmospheric signature, and whether accompa-
nying ground truth is present to increase confidence in
the result.  However, atmospheric effects may be in-
cluded in the band detection limit calculation by in-
cluding uncertainties in the atmospheric compensation
as a form of noise in the band detection limit calcula-
tion.  Smith et al.42 estimate their TES atmospheric
compensation errors as 0.00232 in apparent emissivity,
which is approximately one-fifth the peak-to-peak
SNR.

5.  Results
Once the data from steps 4.1–4.6 are determined, the
band detection limit may be calculated and the results
compared to laboratory measurements.  The detection
limit (DL) is calculated using:

IntervalSampling

FWHMBand

PtoPnoise

signal

FactorConfidence
DL

×

×=

2/

100
     (4)

where DL = the minimum band depth required for de-
tection;  Confidence Factor = contrast relative to the
peak-to-peak noise level a feature should exhibit to be
accepted;  signal = signal used in the SNR calculation;
noisePtoP = peak-to-peak noise.  The noise is divided by
2 to account for the measurement being made relative
to the local continuum, so the deflection is referenced to
one-half the peak-to-peak noise rather than the full
peak-to-peak noise;  Band FWHM = target band full
width at the half maximum of the band depth; and Sam-
pling Interval = spacing of points measured, which is
10.58 cm-1 for TES.  The square root accounts for the
increase in signal-to-noise that occurs with the square
root of the number of points measured on the band.

limestone

calcrete



8

Lower numbers for the detection limit indicate
lower spectral contrast is required for detection.  Thus a
more sensitive detection results from a higher SNR,
denser wavenumber sampling interval, and a material
with a wider and deeper band.  The confidence factor
also affects the detection limit, so that a higher confi-
dence factor requires a greater band contrast for accep-
tance.

Figure 8 shows the detection limit for TES for a
feature with a full width at half maximum of 30 cm-1,
calculated using a confidence factor of 2, the TES peak-
to-peak SNR shown in Figure 6, and a sampling inter-
val of 10.58 cm-1.  It illustrates the variation in the band
detection limit with wavelength for a feature with a
given width, and why spectral signature fits should be
weighted by the varying SNR with wavelength.
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Fig. 8: Detection limit as percent band depth vs. wavenumber.
This shows the results for a single TES spectrum, computed
using a confidence factor of 2, a band full width at half
maximum of 30 cm-1, and assuming a surface temperature of
270K.  This gives a detection limit of 0.8% at 890 cm-1, which
is the band depth that a TES spectrum would have to exhibit
at that wavenumber for the band to be accepted with the de-
sired confidence level.

Once the detection limit is determined, then we can
determine whether the instrument may detect a feature
exhibited by a given material, and the percent aerial
coverage required for the feature to be detected with the
desired confidence.  We label the percent aerial cover-
age required for detection the "material detection limit,"
to differentiate it from the band detection limit.

Table 1 gives the measured band depths and the
band detection limit values for the 1540 and 890 cm-1

bands exhibited by the limestone and calcrete.  For TES
spectra to exhibit a spectral feature that can be detected
with the desired confidence, the material would have to
exhibit a band depth greater than the band detection
limit.  For example, at 890 cm-1 the limestone measured
in the laboratory exhibits a band depth of 14.2% and

TES has a band detection limit of 0.7% with a confi-
dence factor of 2, so TES would detect an 890 cm-1

feature with the desired confidence factor if TES meas-
ured the material under similar conditions as those pre-
sent for the laboratory measurement (the target surface
is smooth at sizes larger than the sample and fills the
field of view, and no atmospheric effects).

The calculated detection limits also illustrate a criti-
cal and often overlooked point about which bands are
most detectable.  For limestone, the ratio of the band
detection limit at 1540 cm-1 to 890 cm-1 shows that be-
cause of the varying SNR vs. wavelength, the
1540 cm-1 band would need to be 6.6 times deeper than
the 890 cm-1 band for it to be as detectable in TES
spectra.  However, the band is only 1.6 times as deep.
This means that for this example instrument, the
890 cm-1 band of this limestone is actually more detect-
able than the 1540 cm-1 band, even though the 890 cm-1

band is narrower and weaker.  This important point is
often overlooked, and should be considered both when
searching a data set for the signature of a desired mate-
rial, and when setting detection limits.  A similar result
is obtained for the calcrete, with the ratio in detection
limit of 6.0, but a band depth ratio of only 2.3.

Table 1:  Results for two example carbonates
limestone calcrete

890 cm-1 band width 40 cm-1 30 cm-1

890 cm-1 band depth 14.2% 4.8%
890 cm-1 band detection limit (CF=2) 0.7% 0.8%
890 cm-1 band detection limit (CF=3) 1.0% 1.2%

1540 cm-1 band width 118 cm-1 110 cm-1

1540 cm-1 band depth 23.4% 11%
1540 cm-1 band detection limit (CF=2) 4.4% 4.6%
1540 cm-1 band detection limit (CF=3) 6.7% 6.9%

band detection limit ratio, 1540:890 cm-1 6.6 6.0
band depth ratio, 1540:890 cm-1 1.6 2.3
detection limit ratio is the ratio of the 1540 cm-1 to the
890 cm-1 detection limit; and band depth ratio is the ratio of
the 1540 to 890 cm-1 band depths.  Detection limits calculated
for a confidence factor (CF) of 2 or 3, as listed after the de-
tection limit.

The above calculations assume the material fills the
instrument's field of view.  To provide a simple illus-
tration of the effects of mixed materials in the field of
view (mixed pixel effect), we assume a checkerboard
mix with a blackbody, so that if there is 0% coverage
by calcite, the spectrometer measures emissivity (ε) = 1,
and for 100% calcite coverage, the spectrometer sees an
emissivity equal to the measured calcite band depth.
Then the band depth of the mixture (dm) is given by:

dfmd ⋅= (5)
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where f is the fractional coverage by the carbonate, and
d is the band depth of the pure material.  Then the
minimum percent coverage by the carbonate (fmin) re-
quired for detection by the instrument (material detec-
tion limit) is given by:

d

DL

d
md

f ==min (6)

where DL is the band detection limit.
For example, for calcrete at 890 cm-1, TES has a

band detection limit of 0.8% with a confidence factor of
two, and the calcrete exhibits a band depth of 4.8%, so
TES could detect the 890 cm-1 feature if pure calcrete
covers 16% of the surface and is measured under simi-
lar conditions as those present in the laboratory (i.e.
smooth surface on a scale larger than the sample and no
atmospheric interference or reflected downwelling radi-
ance).  Under these conditions, the material detection
limit with a confidence factor of 2 based on the
890 cm-1 band is 16% for calcrete and 5% for the lime-
stone, and using the 1540 cm-1 band is 42% for calcrete
and 19% for limestone.  It is important to note that in
this case, the weaker 890 cm-1 band sets the more sen-
sitive limits, not the stronger and wider 1540 cm-1 band.

6.  Field vs. lab measurements
The detection limits we have presented are based on
band depths measured in the laboratory, convolved to
the spectral resolution and sampling interval of the ex-
ample instrument.  However, effects present in the field
that are not reproduced in the laboratory reduce the
spectral contrast, so that the contrast recorded of a ma-
terial by a field instrument is commonly not as strong as
that recorded in the laboratory.  Effects that reduce the
spectral contrast may be included by an appropriate
adjustment of the material's assumed band depth (d).  In
addition, measurements recorded by a satellite instru-
ment have inherently greater instrument uncertainties
than laboratory measurements, because the satellite in-
strument calibration cannot be rechecked under as con-
trolled conditions as are present in the laboratory.
Hanel et al.43, Beer44, and Schott45 give extensive dis-
cussions of calibration effects and tradeoffs.  Instrument
uncertainties can be accounted for using an appropriate
adjustment of the confidence factor.  Christensen29

gives no known calibration errors for TES that will af-
fect the detection limit.  As discussed previously, un-
certainties in the atmospheric compensation also create
greater uncertainties in remotely sensed spectra.

Two important effects that reduce the spectral con-
trast in the field are reflected downwelling radiation,46

and a cavity effect that occurs from roughness on a
scale larger than the laboratory sample, for example as
occurs in a pile of pebbles or boulders, or a grooved or

pitted outcrop.  Both will increase the amount of mate-
rial required for detection.

As an illustration of the cavity effect, if calcrete
with a 4.8% band depth has 83% of the radiance exit
with one reflection from a rough region, and 17% of the
radiance exits with no reflections from a rough region, a
1% band depth will be observed (Equation 1).  This
shows the importance of considering effects of rough-
ness at sizes larger than the sample, an effect that is
very rarely reproduced in laboratory studies of massive
materials, and thus rarely considered in evaluations of
detection limits.

Spectra measured by the airborne SEBASS provide
another illustration of field vs. laboratory results.  SE-
BASS measured high quality spectra of calcrete from
the same area of Mormon Mesa as the calcrete sample
that produced the laboratory spectrum shown in Fig-
ure 7.34  Spectra recorded at ~2 x 2 m2 spatial resolution
of regions with near 100% coverage by calcrete exhibit
an 11.25 µm band depth of ~1%, convolved to the TES
spectral resolution.34  This is a reduction by a factor of
~4.8 relative to the depth predicted based purely on
laboratory measurements. An undetermined combina-
tion of the cavity effect, reflected downwelling radi-
ance, and mixed pixel effect causes the lowered band
contrast relative to the laboratory spectrum.  The con-
tribution from reflected downwelling radiance depends
on the temperature and water content of the atmos-
phere, cloud coverage, and the reflectance at the band
center of interest.  Whatever the cause, the reduced
band contrast illustrates the importance of extending
spectral studies from the laboratory to the field in order
to improve knowledge of effects that are not commonly
reproduced in laboratory spectral measurements.  It also
illustrates that a material detection limit based only on
laboratory spectra will likely be optimistically lower
(more sensitive) than will actually occur in field meas-
urements.  Finally, these hyperspectral measurements
dramatically illustrate the importance of stating the
material's assumed spectral contrast for any statement
of material detection limits.

7.  Conclusions
We have presented a method to calculate the detection
limit for bands recorded in remotely sensed measure-
ments.  The band detection limit depends on the instru-
ment SNR, spectral resolution and sampling interval,
the desired signal relative to the noise, and the confi-
dence in the instrument calibration and atmospheric
compensation.  The material detection limit depends on
the band detection limit combined with the width and
depth of bands exhibited by the material.

The band depth of minerals and rocks varies signifi-
cantly with properties unrelated to composition, such as
the presence of pits that cause a cavity effect (e.g. pits
between pebbles, interstices between grains, pits and
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grooves in rocks, and vesicles), and volume scattering
due to the presence of rough, angular, or very small
particles.  The cavity effect on a scale larger than the
laboratory sample and reflected downwelling radiance
also degrade the spectral contrast of materials measured
in the field relative to the laboratory.  Thus for a quoted
detection limit to have meaning, it is not sufficient to
state the mineral or rock type, but the material's as-
sumed band depths must also be given.  For example,
typical studies that utilize TES data give detection lim-
its of ~5–10% for carbonates,47,48 with the unstated as-
sumptions that the carbonate is well-crystalline, present
in large grain sizes, has a smooth surface at all scales,
and there is no reflected downwelling radiance.  Based
on those measurements, it has been concluded that TES
has not detected carbonates.47,48  However, for clarity, it
is important to state the assumed band depths and
physical properties of the target material used to deter-
mine the detection limit, and not just give a detection
limit.  In addition, the method and specific bands used
to calculate the detection limit should be given.

Finally, the detection limit varies with signal, and
signal varies with wavelength.  Thus the strongest and
widest band exhibited by a mineral in the laboratory

may actually not be the most detectable by a given re-
mote sensing instrument.  This critical point is still of-
ten overlooked.  It should be kept in mind when de-
signing an instrument and determining and stating de-
tection limits, and when searching a data base for the
signature of a given mineral.
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