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Unsupervised Hyperspectral Image Analysis with
Projection Pursuit

Agustin IfarraguerriMember, IEEEand Chein-l1 ChangSenior Member, IEEE

Abstract—Principal components analysis (PCA) is effective at can then be presented in the form of component images, which
compressing information in multivariate data sets by computing are projections of the image cube on to the eigenvectors. The
orthogonal projections that maximize the amount of data variance. component images corresponding to the larger eigenvalues are

Unfortunately, information content in hyperspectral images does dt th ioritv of the inf i bout
not always coincide with such projections. We propose an appli- presumed fo preserve the majorily of the information abou

cation of projection pursuit (PP), which seeks to find a set of pro- the scene. Unfortunately, information content in hyperspectral
jections that are “interesting,” in the sense that they deviate from images does not always coincide with such projections for
the Gaussian distribution assumption. Once these projections are several reasons.

obtained, they can be used for image compression, segmentation, . . . .
or enhancement for visual analysis. To find these projections, a 1) PCA is optimal when the background associated with

two-step iterative process is followed where we first search for a §ignal sources (the C|!Jtter) is GaUSSiaf_‘ white noise. This
projection that maximizes a projection index based on the infor- is often not the case in hyperspectral images, where the
mation divergence of the projection’s estimated probability distri- clutter includes contributions from interference sources

bution from the Gaussian distribution and then reduce the rank by
projecting the data onto the subspace orthogonal to the previous
projections. To calculate each projection, we use a simplified ap-

such as natural background signatures [1], [2] as well
as structured (nonrandom) noise such as striping. When

proach to maximizing the projection index, which does not require the Gaussian assumption does not hold, the background
an optimization algorithm. It searches for a solution by obtaining clutter can become indistinguishable from the signal
a set of candidate projections from the data and choosing the one sources [2].

with the highest projection index. The effectiveness of this method 2)
is demonstrated through simulated examples as well as data from
the hyperspectral digital imagery collection experiment (HYDICE)

The objects of interest are often small relative to the size
of the scene, and therefore contribute a small amount to

and the spatially enhanced broadband array spectrograph system the overall variance. PCA often fails to capture the vari-

(SEBASS). ability associated with small objects unless their spectra
Index Terms—HYDICE, hyperspectral image, principal compo- are nearly orthogonal to the background spectra.

nents analysis, projection pursuit (PP), SEBASS. An alternative to PCA that can alleviate some of these prob-

lems is the minimum noise fraction (MNF) transform [2]-[4].
This transform, also known as noise-adjusted principal com-
ponents, was designed to produce orthogonal component im-
H YPERSPECTRAL imaging sensors are capable aiges thatare ordered by image quality as measured by the SNR,
generating unprecedented volumes of radiometric datather than by the data variance. The MNF transform is equiv-
The airborne visible/infrared imaging spectrometer (AVIRIShlent to a sequence of two orthogonal transformations, where
for example, routinely produces image cubes with as many tag first rotates the data such that the noise covariance matrix
512 x 614 pixels and 224 spectral bands. If these data arei¢aliagonalized, thus “whitening” the noise, followed by a stan-
be used for practical purposes, they must be reduced to alldard PCA transform. PCA performance is improved because the
analysis by users as well as by computers. Data reductiomiise effects on signal sources are minimized by the whitening
an operation that enhances the information content of the dptacess. However, the MNF transform still depends on “bulk”
in some way. A common data reduction method in situatiomsiage properties, so it is not generally sensitive to small objects.
where there is na priori knowledge about a scene is principal This paper expands on a previous publication by the authors
components analysis (PCA). PCA is effective at compressi{&] where an application of projection pursuit (PP) to hyper-
information in multivariate data sets by computing orthogongpectral data reduction and analysis was discussed. PP is an ex-
projections that maximize the amount of data variance. It jforatory data analysis technique used to visualize high-dimen-
typically performed through the eigen-decomposition of th§ional data in a low-dimensional space [6]-[8]. In PP, we look
spectral covariance matrix of an image cube. The informatigr a set of linear projections that are “interesting,” in the sense
that they deviate from the Gaussian distribution assumption [9].
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00 (a) 00 {b) The PP method presented here is designed to obtain an
' N A | orthonormal transform. There is no restriction in the theory that
00" \ .00 I\ i requires the computed projections to be mutually orthogonal,
~ \\ 3 0.0 : but removing this requirement makes computations significantly
00! / / V] 00 i more complex and takes away the advantages of orthogonality.
/ / \ \ 0.0 \\ ; To find a set of orthogonal projections, a two-step iterative
) o “5 qs“ OH 5 process is presented. We first search for a projection that max-

imizes the projection index and then reduce the rank of the
Fig. 1. Conceptual score distributions for which the projection score shOLﬁj@ta matrix by projecting it onto the subspace orthogonal to all
attain a high value. (a) Bimodal distribution, indicating spectral classes, atlile previous projections. Once these projections are obtained,
(b) skewed distribution, indicating outliers. they can be used for image compression, segmentation, or

enhancement for visual analysis. PP analysis of hyperspectral
proach is preferable to eigenanalysis of the spectral covariam@gery has beenreported previously by Jimenez and Landgrebe
since it does not depend on the white Gaussian noise assumplidd. They proposed a method based on the Bhattacharyya
and is not biased toward larger objects (or spectral classes) #iatance as the projection index, requiring a training set with
contribute more variance. To carry out PP analysis, we must filgbeled samples. Our approach does not requireaapyiori
select an appropriate “projection index” to maximize. A projeknowledge about the scene. More recently [12], Chiang and
tion index is a measure of the desirability of a given projectiofzhang successfully used skewness and kurtosis as the basis
In PCA, which can be viewed as a special case of PP, this indéxa projection index for unsupervised target detection with
is the variance of the projection scores. Thus, PCA seeks projé¥perspectral imagery.
tions that maximize the magnitude of signal sources (or “signal!n Section Il of this paper, we define the projection index
energy”). However, information related to the segmentation 8'd Show how it can be computed. Section Ill then introduces
different objects and background types does not generally aligh ©rthogonal transform based on our projection index. In Sec-
itself with signal magnitude. Whereas PCA and MNF providions IV and V, we illustrate our method with examples, and
the analyst with images ordered by a measure of signal strendtfS€Nt our conclusions in Section V1.
they do not necessarily represent the spectral information con-
tent of the signals of interest. We would like to find projections Il. PROJECTIONINDEX

that cause a single pixel or a small cluster of projection scores., key to success in PP is the selection of an appropriate
to become “separated” from the bulk of the data points (out-

liers). Such a projecti mor_ojection index. In this section, we define the information di-

. projection would serve to locate spectrally anoma . i . . .

lous objects or low probability targets regardless of their relati Ve gence |ndex. and show hov.v' It can .be gstlmated In practice.
. . A Given two continuous probability distribution&z) and g(x)

size. Another d_e S|r.able type OT pl’.Oje(.:tIOI’\ IS one Fhat produc&sthe projection score, the relative entropy of («) with re-

multimodal projection score distributions, indicating differen : -

. N pect tog(z) is defined as

spectral classes. Fig. 1 shows conceptual score distributions for

which our projection index should attain a high value. -

Thg types of prpjec.tions described. above can bg optained d(f|lg) E/ g(z) log @ dz. (2)

by using a projection index that considers the distribution of —o0 9(z)

projection scores. The projection index should attain a hi

value for score distributions with strong outliers or multipl -

modes, suggesting a spectral feature different than that of fid be defined by

background. An important projection index used in PP is the one

proposed by Friedman [9], which is based on the mean-squared J(fs ) = 1d(fllg)] + gl )] - (3

difference between the projection score distribution and the

Gaussian distribution. This index gives a high value for bimodualhich is symmetric, i.ej(f, g) = (g, f), and nonnegative.

projection score distributions, but not necessarily for those wilthe absolute information divergence is zerd if= ¢ and in-

outliers. An alternative to Friedman’s index, suggested by Hubeneases as the two distributions diverge. If wegdet) be the

[8] and Jones and Sibson [7], is to use information-theorefigaussian distribution, then we can compute the divergence of

measures such as entropy, computed on the projection scbe) from normality. To do this, we must estimaftér) from the

distribution. One such measure is the information divergeng@ta. One possible approach is to use a kernel estimator such as a

(or Kullback-Leibler distance) [10]. Information divergence i§arzenwindow [13], butthe resulting integral to be solved would

an information-theoretic criterion that can be used to meastfsult in a cumbersome expression. A simpler and effective ap-

the “distance” between two probability distributions. We caRroach is to approximate the continuous distributigts) and

construct a projection index by computing the informatiofi(:) With their discrete counterpargsandg respectively. The

divergence between the estimated probability distribution off@lative entropy of (2) for discrete distributions is defined as:

projection and the normal distribution. A high projection index

indicates that its distribution is highly non-normal, and therefore D(pllg) = Z ;i log % 4)

h
g[he absolute information divergence betwegi) and g(z)

presumed interesting.
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wherep; andg; are theith components of thg andq vectors discarding the noise subspacelfis the diagonal eigenvalue
respectively. Then the absolute information divergence beconmeatrix and¥U is the matrix whose columns contain the eigen-
vectors corresponding to the eigenvaluesiin then a pixel
J(p, @) = D(p|lg) + D(ql|p). (5) vector (spectrumy is transformed by

The absolute value is not needed in the discrete case since z =D (y —g) (6)
D(p|lq) > 0 for all discrete distributiong andg, though this
is not necessarily true for continuous probability distributiowherey is the sample mean gf We can then retain the elements
functions [10]. We can now compute the projection index ax z associated with the largest eigenvaluefin
follows.
1) Select the number of binsand their widthAz for quan- B. Obtaining the Projections
tization of f(x) andg(x). Since there is no analytical expression for the projection index
2) Standardize the projection scores by subtracting thejiven in (5), obtaining a projection vector that maximizes the
mean and dividing by their standard deviation [i.eprojection index requires a numerical optimization technique.
(z —T)/o,) Several different strategies are discussed in the literature [7]. In
3) Construct the projection score histograrinom the stan- this paper, we describe a simple search strategy that, although
dardized data and normalipeto unity, i.e.,> . p; = 1. not optimal, is intuitively straightforward and computationally
4) Quantize the standard Gaussian distribution by comanageable. The premise of our approach is that there are in-
puting the integral; = 1/v/2r fi(;l)m’ e—t*/2 4t for teresting projection vectors located in or near the data “cloud”
i = —n/2ton/2. This is the value thai; would assume (i.€., the multidimensional area occupied by the data points),
in the limit as the number of pixels goes to infinity if theand that they can be approximated by the pixel spectrum nearest
projection were Gaussian. to it in terms of the inner product (zero-order approximation).
5) Compute the projection indek(p, ¢) using (4) and (5). To find the best solution available in the data, we simply take
The number of bins and their width should be chosen to coverS&ch Pixel spectrum as a candidate projection vector, compute
least the range{50, 50] in order to retain the majority of the the projection index an_d then selgct th.e one thgt produces_ the
Gaussian shape, but the number should be increased depen@igigest value. We can illustrate this point graphically by using
on the maximum and minimum values of the projection scored>! ple two-dimensional (2-D) examplg. F'g_' 2 ;hoyvs a scatter
The bin width should also be chosen small enough to provimeOt qf sa}mples that have_a non-G_aussan d_lstrlbutlt_)n. Clegrly,
an accurate estimate of the divergence, but not so small t rojection along the horizontal dimension is more interesting

it causes numerical instability. For the examples in this papé an a projection along the vertical, and in fact, will give a higher
we have used\z = 1, which appears to be appropriate fc),ol’ojection index valug. In Fhis simple casm.a,.there is a data point
sample sizes of about 1000 points. If a simulation is perform&ljong almost every dlrec.tlon from the origin, s we can geta

X ver good answer by using the data points as candidate pro-
where a number of Gaussian random numbers are generated

. . “legtion vectors and choosing the one that provides the largest
computed divergence of the samples from the true Gaussianwill . = ." "= o ) )
L . . o projection index. A similar argument can be applied to a higher
change significantly as a function dfz, with a minimum at a

location that depends on the sample size. For a sample Sizdirgensional data space. If a high multidimensional data set is
¥ P j P it resting, the data points will not be spread evenly, but in-

. . o ~1n
1000, the optimal\z is close to 1 and decreases with increasin,

sample size. Also. the zero valuesrrare replaced by small ead will form clusters or other structures along some direc-
P : ’ 7 P Y SMall tinns. These directions are the desired projection vectors. There-

Oﬂ)re, even if the number of dimensions increases, the interesting

index estimate (a “small” number is defined here as one t, jection directions of a data cloud will not be arbitrary, but
would correspond to less than one sample occupying the b llin fact still be aligned with its data points.

This has a smoothing effect on the distribution estimate. Starting with a matrixz = [2,2s, - - -, 2] whose columns

As discussed previously, we would like to capture both multisyniain then pixel spectra vectors; transformed via (6), we
modality and skewness with our projection index. Fig. 1 shows, compute ann-dimensional vector of projection scores
some interesting non-Gaussian shapes that, in our experie%:ezi. Each single column vecter; in Z acts as a candidate
tend to give informative projections with hyperspectral imageﬁrojection operator. The information divergence from nor-

The divergence index was chosen for its ability to detect all sughy ity for each set of projection scores can then be estimated

distribution shapes. following the algorithm outlined in the previous section. Let
g be the quantized standard Gaussian distribution for some
Ill. PROJECTIONPURSUIT TRANSFORM Az. The pixel that produces the highest value of the projection

A. Preprocessing indexJ(p(Z* z;), q) is then selected as the best projection

Itis a common practice in PP to prereduce the dimensionality . ) < T(p(ZT >
. . . . Lhest — Arg ax . Z;), . 7
of the data by using PCA [8]. This process is sometimes known theot = AIG \HIAX (m( )@ 0
as. sphering, _because a_II the _components are gven quv':i‘tlh its corresponding pixel as the projection vector
weight by scaling them with their corresponding eigenvalue.
This step also serves as a first pass reduction by keeping iy,

only projections associated with significant eigenvalues, thus w= ||2i,.., )
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Fig. 3. PCA scatter plot of simulated data. (a) First and second PCA com-

2015 ponents and (b) Third and fourth PCA components.

10 a conventional technique to optimize the projection vector with

| the selected vector from the data as a starting point. This would
allow us to find good solutions in areas of the data cloud that are
sparsely populated. One can imagine such an approach as pro-
Fig. 2. (a) Scatter plot of samples that have a non-Gaussian distributifHCINg @ sort of “interpolation” between the two best guesses to
(b) uninteresting vertical projection, and (c) interesting horizontal projectionyield a locally optimal solution.

Another advantage of our approach is a tendency for the pro-
where|| ¢ || indicates the Euclidean norm. In practice, this conjections to align themselves with specific spectral classes. In
putation of the projection index is of complexity(f2). Since fact, the projections can be viewed as a sequence of spectral
this operation is done: times per iteration, the total complexityangle maps [14] based on target spectra chosen by maximizing
is O(m?) per iteration. By using a fixed-size sample of the pixelhe projection index. This aids in the physical interpretability of
to estimate the probability distribution of the projections, we cahe results, since the projection vectors are derived from phys-
reduce the complexity to @). We have found in practice thatical spectra. However, such spectrum is seldom produced by a
selecting a subset of the pixels to estimatgelds results that pure material (endmember), but rather is a mixture of multiple
are often indistinguishable from those using all the data. In tipe@re endmember spectra. Optimization could improve physical
implementation of our algorithm, 1000 pixels sampled from thiaterpretability by finding a projection vector that is closer to a
image at uniform intervals were used. pure (single endmember) spectrum.

After the best projectiom is obtained by (8), the next step
is to project the data matri¥ onto the subspace orthogonal to
w. This allows us to look for additional projections that are mu- ) ]
tually orthogonal by simply repeating our search for the best T0 illustrate our method we have constructed a simulated
projection vector described by (7) and (8). In terms of ortho@'—at_a set with a non-Gaussian feature which has a small relative

onal projection operators, the procedure for ttreiteration can variance so that PCA does not work optimally. Ten zero-mean
be carried out by features with 1000 samples each were simulated using a

' ' Gaussian random number generator and assigned geometrically
ZUtY) = Py, z0) (9) decreasing variance values (1, 1/2, 1/4). Ten of the samples
(or 1%) were offset by 18 in the third and fourth largest
variance features, creating a non-normal distribution. The ten
(10) features were then converted to sample vectors by an arbitrary
orthonormal rotation matrix. The resulting data set is one
is the subspace orthogonal to the space spanned by @ifere the information embodied in the altered samples is not
columns of W. I is the identity matrix, andW# = the dominant source of variance, and is spread between two
(WOTWO 1w ) is the pseudo-inverse &) at thejth  features even though it is one-dimensional (1-D) in nature.
iteration. It should be noted thdrV(’) contains all the best The results of PCA are shown in F|g 3. The scatter p|ot of
projection vectors obtained up to iteratign the first two components [Fig. 3(a)] shows no non-normal fea-
W = [WU-D ] (11) tures. As would be expected, .the scatter plpt of the thir_d apd
fourth components shows the information [Fig. 3(b)], which is
As a result of this step, the rank of the mat#is reduced. This preserved after an orthogonal transformation. To apply PP, we
two-step process can be repeated until the rank of the data mastdt by scaling all the PCA scores (see Section Ill-A) and then
becomes zero. The end result is an orthogonal mUtiixvhere  apply the method described in Section 11I-B. As Fig. 4 shows,
each column is a projection vector. the non-normal feature is captured in the first projection only.
The main advantage of this approach is its simplicity. InitialFhus, we have revealed the informative low variance feature as
ization is not required, so that our results do not depend onarll as compressed the information. The projection index values
initial guess, and there are no gradients to estimate. Althoufghithe PCA and PP projections are given in Table I. It shows that
comparison of our strategy with conventional methods is beyotite third PCA component has the largest index, corresponding
the scope of this paper, our method may be improved by usitigthe non-normal feature. The fact that the fourth component

N
-5

0 5 10

IV. COMPUTER SIMULATION

where

P!%V — [ WOwDH*
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Fig. 4. PP Scatter plot of simulated data. (a) First and second PP projection 10*} 000 1
and (b) Third and fourth PP projections. %4
3 000000000000000000
TABLE | o 060000000000007
max J(p, g) VALUES FOR THEPCA AND PP FROJECTIONS FOR
SIMULATED DATA 102 . ; . . . ) .
0 5 10 15 20 25 30 35 40 45 50
Component max J(p.q) max J(p,q)
/Projecti PCA PP . . .
rOJTC o 0.002 0.505 Fig. 6. Eigenvalue spectrum from PCA analysis of HYDICE scene.
2 0.006 0.030
3 0.376 0.032
4 0.021 0.027 imaga 2 nags 3
5 0.012 0.029
6 0.021 0.033
7 0.017 0.029
8 0.015 0.034
9 0.007 0.020
10 0.011 0.003

Imags o

Fig. 5. HYDICE scene.

has a low index value indicates that PCA did remove some of ) )

the redundancy that resulted from introducing the variation fig- 7~ Componentimages from PCA analysis of HYDICE scene.

two components. PP not only removed the redundancy com-

pletely, but also captured the information in the first projectioitometer operating in the visible to short-wave infrared spectral
Also, note that the projection indexes for the PP are not necéggion. The data was delivered with the radiometric calibration
sarily montonically decreasing. Since the projections are muglready done, so it is in units of WA#Sr/um. Spectral cali-
ally orthogonal, their ordering is merely a matter of conventidpration, nonuniformity correction, and bad pixel compensation
(as with PCA). In this paper we have not altered the order proere also done prior to delivery.

duced by the algorithm. To illustrate the usefulness of our PP approach, we use a 256
x 256 image (Fig. 5), which includes the smaller scene used in a
V. HYPERSPECTRALIMAGING EXPERIMENTS previous paper [5]. It contains objects of several types, including

) vehicles, trees, roads, and other features. Because PP analysis is
A. HYDICE Experiments performed using the image data only, conversion from radiance
The hyperspectral digital imagery collection experimerib apparent reflectance is not necessary. It is assumed that the
(HYDICE) sensor [15], [16] is a pushbroom imaging specatmospheric variability is negligible over the scene. Depending
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TABLE 1l
max J(p, g) VALUES FOR THEPCA, MNF, AND PP FROJECTIONS FOR
HYDICE SCENE
Image max J(p,q) max J(p.,q) max J(p,q)
Number PCA MNF PP
1 0.415 0.712 1.329
2 0.272 0.350 1.952
3 0.341 0.342 1.019
4 0.132 0.440 1.131
5 0.105 0.224 0.078
6 0.105 1.265 0.182
7 0.042 0.068 0.062
8 0.109 0.193 0.009
9 0.015 0.342 0.058
10 0.009 0.307 0.024
11 0.067 0.110 0.008

Fig. 8. Component images from MNF analysis of HYDICE scene.

20 40 60 BO 100720

Fig. 10. LWIR SEBASS scene.

2
107 + ) ]
Fig. 9. Projection images from PP analysis of HYDICE scene. ©

on the application, however, it may be desirable to normalize thi 10 | o 1
pixel spectra prior to PCA. In this example, we use the calibrates
spectra as it is. The only alteration to the data is the remove ;|
of bands 1-4, which contain image artifacts that can affect th
results. The water bands were kept unaltered. B

Fig. 6 shows eigenvalue spectrum for the PCA of thisscent *® o5 36 15 20 25 20 3 20 45 0
(first 50 eigenvalues). It is used to help estimate the number ot
components that contain any significant amount of variandgg. 11. Eigenvalue spectrum from PCA analysis of SEBASS scene.
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Fig. 12. Component images from PCA analysis of SEBASS scene.

The rest are presumed to contain only noise and can thusdoeponents. Although most of the useful information is cap-
discarded in order to reduce computation. Our experience haged in the first four components, there is a significant amount
shown that finding the exact number of eigenvalues is not critiaail information down to the eleventh component. Additionally,
to successful application of PP. It is preferable to overestimdtee MNF transform was computed on the same image (Fig. 8)
the number of significant components in order to capture lowsing the ENVI software package [17], with the noise covariance
variance information that may otherwise be lost. In this exampteatrix estimated from the image using the “shift difference”
we use the largest eleven components, accounting for 99.81%mwdthod. No improvement over PCA is evident in terms of com-
the signal variance. The component images from the PCA gmession for this scene. The MNF transform in this case contains
shown in Fig. 7. A visual analysis reveals that the signal varianeisually useful information up to the twelfth component.

is dominated by the shadow features together with the vegetatiotwe now apply our PP algorithm to generate eleven projec-
and roads, followed by the vehicles and the other objects in ttiens shown in Fig. 9, based on (7)—(10). Most of the information
scene. The latter have their signatures spread among sevieaal now been compressed into the first seven projections. Fur-
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Fig. 12. Continued) Component images from PCA analysis of SEBASS scene.

thermore, the components tend to correspond to different typdse PCA components have generally lower index values com-
of objects. The first captures the information related to two glared to PP. The MNF components show higher values of the
the objects while the second projection contains information @mnojection index than PCA, but lower than PP. Another inter-
the roads and some of the vehicles. The third and fourth projexsting pattern to note is that in the case of PP, the index values
tions correspond mainly to the shadows and trees respectivehart out higher and then drop significantly after the fourth com-
The next three projections contain information on the remainimgnent, indicating a higher degree of information compression
objects and vehicles, as well as some variability of the badiky PP than by PCA or MNF, which show a more steady de-
ground, which consists of both grass and dirt. Note that the @ine in the index values (with the exception of MNF component
maining images (8—11) are mostly noise. 6). Because each transform computed a different set of projec-

Table Il lists the projection index values for the PCA, MNRions, the reader should be aware of that when examining the
and PP projections. For PP, the weaker features in images ¥alues not to compare the numbers line-by-line, but rather con-
are reflected by the relatively low value of the projection indesider them as a whole.
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Fig. 13. Projection images from PP analysis of SEBASS scene.

B. SEBASS LWIR Experiments pm band, which can be used to detect the presence of the gas in
the atmosphere. The gas source, although quite hot, is very small
The spatially enhanced broadband array spectrograph systefative to the image, and so contributes little variance. PCA
(SEBASS) [18] is a dual-band mid-wave/long-wave infraregrigs. 11 and 12) provides little visual information on the gas
pushbroom imaging spectrometer. As with the HYDICE datplume. An analysis of the eigenvectors shows that the gas-re-
the radiometric calibration and bad pixel correction were domgted information is contained in the eighth and ninth compo-
prior to delivery. We use the LWIR SEBASS data here to demonents, but the noise level is too high to visually discern a plume
strate the ability of PP to uncover important image features thatthe projection images.
have a low variance relative to the overall image variability. Our Fifteen components were used for PP. Fig. 13 shows the re-
example image is a 127 400 pixel scene that contains a sourcsults of the PP analysis for projections. The first projection lo-
of Sulfur Hexafluoride (S§) gas (Fig. 10). The infrared absorp-cates some spectral targets which had been placed on the field.
tion spectrum of Sf-has a strong spectral feature near the 10The second projection clearly aligns itself with thesSfas in-
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formation, revealing the plume. We can see the hot source tof9] P. J. Huber, “Projection pursuit,Ann. Statist. vol. 13, no. 2, pp.
ward the bottom of the image (in this case hotter pixels are _ 435-475, 1985.

. . . - . T. M. Cover and J. A. Thomaglements of Information Theary New
darker). At this point the gas is emitting more energy than i York: Wiley, 1991.

is absorbing from the background behind it. As it moves away11] L. Jimenez and D. A. Landgrebe, “Projection pursuit in high dimen-
from the source, it cools down below the background temper- ~ sional data reduction: Initial conditions, feature selection and the as-

. . . sumption of normality,"[EEE Trans. Geosci. Remote Sensingl. 37,
ature and begins to absorb more energy than it emits, so the op. 2653-2667, Nov, 1999,

image contrast is reversed. Note that as the plume drifts awgy?] s.-S. Chiang and C.-I Chang, “Target subpixel detection for hyper-
from the source, it passes over the colder spectral target, briefly ~ spectral imagery using projection pursuit,” Rroc. Conf. Image and

producing a net emission. Projections 3 through 5 locate other Eégnl"’gi?fgss'”g for Remote SensingFlbrence, Italy, Sept. 1999,

objects and natural features in the scene. The remaining proje@s) R. 0. Duda and P. E. HarPattern Classification and Scene Anal-
tions carry little information, illustrating again the information ysis  New York: Wiley, 1973. S
compression capabilities of this method. [14] R. H. Yuhas_, A: F. H. Goetz, and J. W. Board_man, Discrimination
among semi-arid landscape endmembers using the Spectral Angle
Mapper (SAM) algorithm,” inSummaries 3rd Annu. JPL Airborne
VI. CONCLUSIONS Geoscience Workshppol. 1, Pasadena, CA, 1992, pp. 147-149.
[15] W. S. Aldrich, M. E. Kappus, and R. G. Resmini, “HYDICE post-flight
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: : ; 6] R. W. Basedow, W. S. Aldrich, J. E. Colwell, and W. D. Kinder, “HY-
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tain areas, including remote sensing. With the increased use 1ggs.
of imaging spectrometry, however, it becomes necessary to eXt7] ENVI User's Guide Better Solutions Consulting LLC, Boulder, CO,
. - . - 1998, p. 320.
p.|OIt teChmques that ar_e capable of qwckly reduc!ng the ma'118] J. A. Hackwellet al., “LWIR/MWIR imaging hyperspectral sensor for
sive volume of data while simultaneously preserving as muc airborne and ground-based remote sensiRggt. SPIE vol. 2819, pp.
information as possible. It has been demonstrated in this paper 102-107, 1996.
that a significant reduction can be achieved by using PP with an
information divergence projection index. In addition, the com-

ponent images resulting from our analysis can be further pro-
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