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ABSTRACT

Gas-phase chemical plumes exhibit, particularly in the infrared, distinctive emission signatures as a function of wave-
length. Hyperspectral imagery can exploit this distinctiveness to detect specific chemicals, even at low concentrations,
using matched filters that are tailored both the the specific structure of the chemical signature and to the statistics of the
background clutter. But what if the chemical species is unknown? One can apply matched filters to a long list of candidate
chemicals (or chemical mixtures), or one can treat the problem as one of anomaly detection. In this case, however, the
anomalous signals of interest are not completely unknown. Gas spectra are generically sparse (absorbing or emitting at only
a few wavelengths), and this property can be exploited to enhance the sensitivity of anomaly detection algorithms. This
paper investigates the utility of sparse signal anomaly detection for the problem of finding plumes of gas with unknown
chemistry in hyperspectral imagery.
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1. INTRODUCTION

What hyperspectral imagery promises is a blessing of dimensionality. With so many distinct spectral channels (typically
over a hundred, and sometimes several hundreds), exquisite spectral discrimination is possible. Among the more dramatic
success stories is the hyperspectral detection of gas-phase chemical plumes at astonishingly low concentrations.!~!

The difference between an on-plume and an off-plume spectrum can be very small, but when the chemistry of the
plume is known, then that small difference has a fairly well-defined “direction” — and in a high-dimensional space, this
direction can be very distinctive, and a matched filter can be very effective at detecting the presence of a given chemical
plume. But to do this, one needs to know the gas spectrum: a detector that is designed for for carbon monoxide will not
be appropriate for hydrogen sulfide. In many operational scenarios, one does not know a priori what chemicals (and/or
mixtures of chemicals) are present, and the search is in some ways more like anomaly detection than target detection. This
invites the question: to what extent can the tools of anomaly detection be brought to bear on the problem of gas detection,
when the chemistry of the gas is not known.

In the Appendix, a selection of two dozen gas spectra are shown; it is evident that these are quite distinct from each
other, but they also exhibit a common property that can potentially be leveraged to enhance the performance of our anomaly
detectors. These spectra are sparse: the absorption coefficient is zero or near-zero for the vast majority of the wavelengths
in the spectrum. This invites the question that led to this study: can this spectral sparsity be exploited to improve anomaly-
detection approaches to the blind gas detection problem? Following up on preliminary work reported previously,'> we
extend and further develop the spectrally sparse anomaly detector, and suggest that it may be useful for detecting chemical
plumes even when we do not know the chemical species in the plume.

In Section 2, we formulate the problem of spectrally sparse anomaly detection, starting with a “derivation” of the RX-
style Mahalanobis distance detector, and then extending it both by considering restrictions on the target signature (mainly,
that it be sparse) and by using more flexible models of background clutter. Section 3 describes a series of numerical experi-
ments using artificial plumes on real hyperspectral backgrounds, and comparing variants of spectrally sparse detectors. We
conclude in Section 4, but follow that up with an Appendix that includes many examples of chemical absorption spectra.
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2. SPECTRALLY SPARSE ANOMALY DETECTION: FORMULATION OF THE PROBLEM

Consider the hypothesis testing framework for detecting gas-phase chemical plumes in hyperspectral imagery. Let x
correspond to the vector-valued measurement (e.g., radiance, or — after some processing — reflectance) at a pixel. Each
component of x is the measurement at a given spectral channel. If s is the spectral signature of a specific gas, then for the
case of an absorptive plume,* we can write

x = z - exp(—0s) ()

where z is the background (what the measurement would be in the absence of plume), 6 is a measure of gas concentration,
and ‘-’ indicates elementwise multiplication of vectors. For low concentration gases, there is a linear approximation

XxX=z—0z-s @)

which is often further approximated by
x=z—0z,-s=z+t 3
where z,, is the mean background spectrum over the image, and t = —0z, - s is the effectively additive target vector. Note

that x and z vary from pixel to pixel in the image, but s and z,, are constant over the image.
Let p(z) correspond to a likelihood model for the gas-free background. To optimally test for the existence of a target
signal t, we consider the binary hypothesis test
Ho: x=2 ~ p(x) “)
Hi: x=z+t ~p(x—t) 5)

which leads to a likelihood ratio detector:

x| M) plx—t)
6 = 3Ty = o) ©

The simplest likelihood model is a Gaussian with mean g and covariance R, usually taken to be the sample mean and
sample covariance over the image; this leads to:

exp [~(x —t —p) "R (x —t — p)/2]

Sy e Ly T e o @
2log L(x) = [(x =) "R~ (x —p)] = [(x—p—t) "R (x — p — t)] ®)
=2t"TR ' (x — ) —tTR't. ©)

which is equivalent to the adaptive matched filter:'* M(x) = t” R~1x. Although it is not highlighted in this derivation,
the adaptive matched filter is the same for any # > 0, which makes it a good detector for any strength plume. It is by
using the adaptive matched filter (and in some cases going beyond the matched filter'> !¢), that gas detection has been so
successful. However, it is still required that the chemistry (i.e., the plume signature s) be known.

But we are going to use this derivation as a starting point, and introduce some variants that are appropriate for the
unknown gas problem.

The simplest (and least effective) treatment makes no assumptions at all about the target signal t. Going back to the
likelihood ratio in Eq. (6), we will treat t as a nuisance parameter and employ the generalized likelihood ratio test’
maxg p(x — t)

p(x)

*In the thermal infrared, plumes can be either absorptive or emissive, and more sophisticated radiative transfer models are appropri-
24,58

L(x) = (10)

ate

t Although the generalized likelihood ratio test (GLRT) is widely used,'”:'® there is no guarantee that it is optimal, and it in some
cases produces detectors that are inadmissible.'” This has led to interest in other composite hypothesis testing approaches,** some of
which also fail the test of admissibility.?
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Figure 1. In this simple d = 2 dimensional model, we plot the most anomalous points (top three percent) in red, the least anomalous
points (below median) in black, and the rest in yellow. A total of 10* points are drawn at random from a Gaussian distribution. In
(a-c) the distribution is Gaussian with covariance given by the identity; in (d-i) the Gaussian has a correlation of 0.3 in the off-diagonal
component of the covariance matrix: the bottom row (g-i) restricts the anomalous target t to positive components. We take k = d = 2
in the leftmost panels (a,d,g); and for this non-sparse case, we observe the standard RX algorithm and in (a,d), with elliptical contours of
anomalousness. For the sparse case (kK = 1), we see diamond-shaped contours when the background is assumed to be Gaussian (b,e,h),
but those diamonds become nonconvex as the background model becomes heavy-tailed (c,f,i). The heavy-tailed model is a multivariate-¢
with v = 3.
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(b) Cooke City

(a) Indian Pines
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Figure 2. (a) The 200-channel Indian Pines dataset?” was cropped to 111 x 111 avoid some of the strong single-pixel anomalies that
overpowered the rest of the image. (b) The 126 channel HyMap image of Cooke City, Montana, is the full 280 x 800 pixel blind
reflectance dataset from the RIT blind test experiment.”® (c) This AVIRIS dataset®*® was taken of the Florida coastline, near Cape
Canaveral, flightline £960323t01p02_r04_sc01. This clip is 150 x 500 pixels, and all 224 channels were retained.

For the Gaussian model, we can write this (cf. Eq. (8))
2log £(x) = [(x — )R~ (x — )] — min [(x —p— ) R~ (x — pu — ) an

And with no restrictions at all on t, we can minimize the expression on the right with t = x — u, which yields the classical
Mahalanobis distance anomaly detector (also known as global RX?°):

A(x) = (x = )" R (x — p). (12)

2.1 Restrictions on the target signal

The most casual inspection of the gaseous absorption signatures in the Appendix indicates two properties that are common
to all of them. The most striking property is that these signatures are spectrally sparse. For most of the spectral channels,
the absorption coefficient is zero or very nearly zero. There is a second property which is so obvious that it seems entirely
unremarkable; and that is that the signatures are non-negative at every wavelength. This second property leads to a con-
siderable restriction on the target signal t; every component must have the same sign (positive if the plume is in emission;
negative if it is in absorption).

In general, we can impose restrictions on the target signal t by introducing the set 7 of permissible targets. Then, we
can re-write Eq. (10) in terms of a constrained optimization:

L(x) = w. (13)
p(x)
which for Gaussian models becomes
2log £(x) = [(x =) R (x = p)] —min [(x —p = )" R (x = p— t)] (14)

The positivity (or negativity) restriction on t is straightforward to exploit. Let 7 be the set of vectors with all-positive
(or all-negative) components, and then Eq. (14) becomes a quadratic programming problem (which, however, must be
solved at every pixel).
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Figure 3. (a) Artificial chemical signature used to test spaRX algorithms; (b) A typical pixel spectrum in the Florida coast image; shown
are the spectra with and without the effect of the plume. The difference is smaller than the thickness of the line used to make the plot. To
see the size of the difference, the small box at about channel 70 is replotted in (c); the actual difference is seen in channel 75. (d) After
whitening, the difference between on-plume and off-plume is much more evident.

One way to impose a sparsity constraint is to only permit t € 7; where T}, is the set of all vectors with at most k£ nonzero
components. This leads to a sparse RX (or “spaRX”) detector. If we write W = R~!/2 as the whitening transform, and
x = W(x — p) as the whitened pixel, then Eq. (14) can be written

2log £(x) = [K][* ~ min K - Wt (15)

The minimization in this case has the flavor of sparse coding in which one seeks to approximate the vector X with a linear
combination of k columns of the dictionary IW. Since there are so many combinations of k components, particularly when
the number of spectral channels is large, full optimization is impractical. For most of the experiments reported here, we
employed an orthogonal matching pursuit algorithm?! which greedily incorporated columns of W, one item at a time, each
time providing the best match to the residual, and followed by re-fitting of coefficients.

However, we also investigated more principled convex optimization approximation approaches. Here, we replace what
amounts to an £ constraint on t (namely, that |[t|jo = >, [t;|° < k, where ¢; is the ith component of t) with an ¢;
constraint (namely, that |[t|[; = Y, |t;| < 7, for some 7). This is a variant of the lasso®® with a weighted /> objective
function, and can either be solved using the SPGLI code,*® or via an efficient ADMM algorithm® by expressing the
constraint as a penalty using the indicator function of the constraint set.

We remark that the sparse anomaly detection problem that we are formulating here differs from some others that have
appeared in the literature. What we are seeking is an additive anomaly with sparse components, not a sparse matched
filter,>> nor a sparse set of features features to describe x followed by a kernel-based anomaly detector to in that low-
dimensional space.’® This approach is closer to that of a low-rank plus sparse decomposition,’”-3® but in place of a
low-rank subspace, we have a full-rank distribution p(x).

2.2 Heavy-tailed elliptically-contoured distributions

The Gaussian distribution is a convenient model, but it is not an accurate one. In particular, the tails of the Gaussian
distribution do not match the distributions observed in real data. This especially matters for problems in anomaly detection,
where false alarm rates are required to be low, even at the expense of lower detection rates.

Because the detectors we have described so far have all been derived from a background model that is an arbitrary
distribution p(x), we are free to employ non-Gaussian distributions in our sparse anomaly detectors.

Elliptically contoured (EC) distributions provide an attractive alternative to the Gaussian, and their utility for hyperspec-
tral data in particular has long been argued by Manolakis ef al.>**° A number of classic algorithms in hyperspectral data
analysis have been derived using a Gaussian distribution as a starting point; replacing the Gaussian with an EC distribution
can produce more effective variants.*! And that is just what we propose to do in this subsection.

For an EC distribution, we can write

p(x) =c|R|7Y?h (x—p) "R (x—p)) (16)
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Figure 4. ROC curves compare the performance of different variants of spaRX to AMF (which requires that the gas signature be known)
and to global RX (which makes no assumptions at all about the gas signature). For all the spaRX variants in these plots, we used k = 2.
The plain spaRX assumes that the target signal t is sparse and that the background is Gaussian; the “sign spaRX” permits only negative
values for t; the “EC spaRX” uses an elliptically contoured background model, and “EC sign spaRX” uses the EC background and the
signed target signal. The “lasso” curves (when available), were obtained by optimizing Eq. (14) subject to a constraint on the ¢; metric
of t.

where c is a normalizing constant, |R| is the determinant of the covariance matrix, and A is a scalar-valued function of
a non-negative scalar argument; we will further assume that h decreases monotonically with increasing argument. For
instance, h(§) = exp(—&/2) is the Gaussian distribution, and

—(d+v)/2
s ) a7

h(v;€) = (1+V2

is the multivariate-¢ distribution with v degrees of freedom, where d is the dimension (or number of spectral channels).*’

The v — oo limit leads back to the Gaussian, but for finite v, this distribution has fatter tails than the Gaussian. It is
furthermore fairly straightforward to estimate v from the data.**43

Our constrained optimization in Eq. (14) becomes, for these more general distributions

A(x) = H((x = p) "R (x —p) ) ~min H( (x —p— t) R (x —p— t) ) (18)

teT

where

19)

H(¢) log h(&) = —log (1 + f_2> .

T d+tv
One place where EC distributions do not help is the straightforward anomaly detection problem. Here, 7 is the set of
all possible vectors t, and the minimum is achieved by t = x — p, which leads to

H((x—p) "R (x—p)).

A(x) (20)

but since H is a monotonic function, this is equivalent to the Mahalanobis distance.

As soon as we begin placing restrictions on t, however, the choice of H does affect the anomaly detector. The detector
in Eq. (18) is qualitatively different from the detector in Eq. (14), and has different contours of anomalousness. Compare
Fig. 1(b,e,h) to Fig. 1(c,f,i) for an example in the simple case of two spectral channels. The algorithm complexity, however,
is not substantially affected because the minimization problem (which is the most significant contributor to algorithm
complexity) is the same for Gaussian as for general EC distributions. That’s because H is monotonic, and therefore

min [(x — p—t)" R (x — p — t)] Q1)

teT

%gHux—u—wﬁz%x—u—w):H<
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Figure 5. ROC curves show the performance of sparse RX (“spaRX”’) compared to RX and to AMF, which depends on knowing the
gas signature. The spaRX curves assume negatively signed anomalies, and an EC background distribution (multivariate-¢, with with v
estimated from the data). Different values of k are used in the matching pursuit estimation process. The best choice of k is generally
seen to be smaller than the number of peaks in the chemical signatures (which are shown in Fig. 3).

3. RESULTS

We performed experiments using simulated chemical plumes on three different background hyperspectral images, shown
in Fig. 2. The plume signatures were generated with nonzero values at every fifteen spectral channels, with coefficients
generated randomly, and scaled by the largest coefficient. This process led to the spectra shown in Fig. 3.

We used a matched-pair approach to evaluate the performance of the detection algorithms. For each image, a duplicate
image was made, and an absorptive chemical plume was simulated on every pixel in the duplicate image, using Eq. (1)
with = 0.02 and s shown in Fig. 3. The non-plume image was used for “training” (that is, for computing the mean and
covariance), and the detector was applied to both the non-plume and plume images. For a given threshold, the number of
detections in the non-plume image provides a false alarm rate, and the number of detection in the plume image gives a
detection rate. A receiver-operating characteristic (ROC) curve plots detection rate as a function of false alarm rate.

As Fig. 4 shows, all of the spaRX algorithms outperformed the plain RX algorithm. Both the signed-spaRX and EC-
spaRX algorithms generally outperformed the original spaRX, and EC-signed-spaRX was generally the best of them all.
The lasso performance was mixed. It consistently outperformed RX, and was generally competitive with the other spaRX
algorithms, at least in the low false-alarm rate regime. But it was not the best detector, and in our current implementation,
it is by far the slowest detector, and choosing the parameter 7 is much less intuitive than choosing the parameter % that was
used by the matching pursuit algorithms.

In Fig. 5 we investigated how performance varied with choice of parameter k. This is a free parameter in our algorithm,
and we have no a priori guidance for its choice, since we do not know which gas might be present in the scene. It nominally
corresponds to the number of nonzero channels in our absorption spectrum, but what this experiment shows is that RX is
outperformed over a wide range of k values, and that the best values tend to be smaller than the number of nonzero
channels. Since the matching pursuit algorithms are faster for small £ anyway, we chose & = 2 as our default parameter.
Fig. 6 confirms that the enhanced performance of the EC variants of spaRX are due to the heavy-tailed background.

4. CONCLUSION

We investigated the utility of spectrally sparse anomaly detection'3 to the problem of blind gas detection in hyperspectral
imagery. Since we do not know the chemical species of the gas in the scene, this amounts to a problem in anomaly detection.
But while anomalies are traditionally treated as completely unknown, we do know something about gas absorption spectra.
Our aim in this study has been to leverage the observation that these spectra tend to be sparse, with most spectral channels
exhibiting zero or near-zero absorption. Exploiting this sparsity leads to the sparse RX (or spaRX) algorithm.

In addition to the basic spaRX algorithm, we considered two potential improvements. One addresses a property of the
target signal, and one addresses a property of the background clutter. The “sign spaRX” algorithm exploits the knowledge
that the sign of the components of t are all either positive (if plume is emissive) or negative (if plume is absorptive). The
“EC spaRX” algorithm derives the expression for anomalousness from the likelihood ratio using an elliptically-contoured
distribution in place of a Gaussian; specifically, we employed the multivariate-¢ distribution with the parameter v estimated
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Figure 6. To assess to role of the background distribution in the relative performance of the spaRX and EC-spaRX algorithms, we
considered three datasets. (a) The first is the orignal Florida coast dataset, and this plot is the same as Fig. 4(c). (b) This dataset is
multivariate Gaussian with the same covariance as the Florida coast data. We see here that the EC enhancement to the spaRX algorithm
does not improve its performance. (Overall, we see that performance is better on Gaussian data than on the original data; this further
illustrates that the Gaussian approximation is not a close approximation.) (c¢) This dataset is multivariate-t with the same covariance
matrix and the same v as the orignal Florida coast data. In contrast to what was observed in (b), the EC-spaRX algorithms substantially
outperform the non-EC spaRX.

from the data. One can furthermore employ both of these improvements, leading to the “EC sign spaRX” algorithm, which
generally was best among the spaRX variants. But for the Cooke City and Florida coast images, in particular, the EC gain
was far larger than the signed signal gain.

Our spaRX algorithm, and its variants, all begin with the global RX algorithm as the underlying anomaly detector. In
global RX, the target-free pixel is estimated by mean over the whole image, and its natural variability is characterized by
the global covariance matrix.

Most modern anomaly detection algorithms**¢ (including the original RX?%) use the mean over a local annulus to
estimate the target-free pixel, and this can provide a substantial improvement. Locally adaptive covariance estimators have
also been suggested.’®4+43-47.48 Byt these are most appropriate for spatially compact targets, and that may or may not be
appropriate in the gas detection problem. Also in our comparisons of relative performance of spaRX and AMF, these local
methods would also improve the AMF results.

The substantial performance enhancement provided by the EC variant of spaRX suggests that a closer look at different
ways of characterizing the heavy tails*>° might prove valuable. Other potential extensions are to kernelized anomaly
detectors’! or to anomalous change detection.”>>

APPENDIX: GAS SPECTRA

In this appendix, we plot a number of examples of gas absorption spectra. These spectra were drawn from the HITRAN
database.” Relative absorption coefficients are shown as a function of wavelength. These spectra are quite distinct from
each other, which is why hyperspectral imagery is such an effective tool for chemical identification of plumes. Furthermore,
for virtually all of the gases, the absorption coefficient is nonzero for only a sparse subset of the wavelengths.
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