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ABSTRACT

This paper focuses on comparing three basis-vector selection techniques as applied to target detection in hyper-
spectral imagery. The basis-vector selection methods tested were the singular value decomposition (SVD), pixel
purity index (PPI), and a newly developed approach called the maximum distance (MaxD) method. Target
spaces were created using an illumination invariant technique, while the background space was generated from
AVIRIS hyperspectral imagery. All three selection techniques were applied (in various combinations) to target
as well as background spaces so as to generate dimensionally-reduced subspaces. Both target and background
subspaces were described by linear subspace models (i.e., structured models). Generated basis vectors were then
implemented in a generalized likelihood ratio (GLR) detector. False alarm rates (FAR) were tabulated along
with a new summary metric called the average false alarm rate (AFAR). Some additional summary metrics are
also introduced. Impact of the number of basis vectors in the target and background subspaces on detector per-
formance was also investigated. For the given AVIRIS data set, the MaxD method as applied to the background
subspace outperformed the other two methods tested (SVD and PPI).
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1. INTRODUCTION

This paper introduces a method for detection of subpixel targets in image spectrometer data cubes. It is based
on the premise that we know what the target is and can characterize it in terms of its reflectance spectrum.
Furthermore, we assume the target may exist at spatial scales such that it will present itself as a fraction of a
pixel and that it may exist in a significant number of pixels (more specifically we can’t assume that we can insure
that a significant region of the scene does not contain any targets). We desire a data processing approach that
can mitigate atmospheric and illumination effects such that atmospheric correction is not a required prerequisite
for the method. The approach presented here involves defining a target spectral subspace that is common across
the wide range of atmospheric illumination and viewing conditions that might exist in the scene (i.e., the target
subspace is invariant to environmental changes within the scene). The target may manifest itself at different
locations within this subspace but is not expected to appear outside the subspace. We then introduce a method
to characterize a background subspace using the same convex hull geometry used to define the target subspace
(i.e., the target and background subspaces are defined in a common spectral space but ideally there is little or
no overlap between the two subspaces). We then introduce a subpixel target detection algorithm that is based
on how well each pixel spectrum can be described by either a set of background basis vectors or a combination of
target and background basis vectors. The result is a subpixel target detection algorithm that only requires the
target spectrum and a radiance image cube (i.e., an image spectrometer data set calibrated into sensor reaching
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radiance). The performance of the resulting algorithm is shown for an AVIRIS image. These results demonstrate
the potential of the approach showing very good background suppression (low false alarms) and a high degree
of target detection.

2. THEORY AND APPLICATION
2.1. The Invariant Approach and Physics Based Modeling

In target detection, we often seek to atmospherically correct hyperspectral imagery so as to convert sensor reach-
ing radiance to ground leaving spectral reflectance. Once the imagery has been corrected, detection algorithms
are used to compare image reflectances to library or measured reflectances in search of a desired target. Another
approach that mitigates atmospheric and illumination effects involves the creation of an invariant target space
that spans the potential variability of the target as seen by the sensor.! This approach involves defining a
(sensor-reaching) target radiance space that is common across a wide range of atmospheric illumination and
viewing conditions that might exist in the scene. It can be shown that the target may only occupy a relatively
small portion of the space and can be described by a small set of basis vectors that describe a target subspace.
It is the selection and comparison of these basis vectors (in a target detection scheme) which is the focus of this
paper.

In order to create a target space we need to know how the atmospheric and illumination conditions will affect
the target reflectance as it propagates through the atmosphere to the sensor. Schott? derives a relationship for
the spectral radiance reaching an airborne or satellite sensor which can be expressed in simplified form as

L,(\) = / By(\) {(GE;(A)Tl(A) cos§ + FEd(A))TQ(A)@ + L,V | dA (1)
A

where L,()\) is the effective spectral radiance in the p*" band in units of [Wem™2sr=tum=1], EL(A) is the
exoatmospheric spectral irradiance from the Sun in units of [Wem™2um™1], 71(A) is the transmission through
the atmosphere along the Sun-target path, 6 is the angle from the surface normal to the Sun, F is the fraction of
the spectral irradiance from the sky (Eq()\)) incident on the target (i.e., not blocked by adjacent objects), G is
the fraction of direct sunlight incident on the target, 75()) is the transmission along the target-sensor path, r(\)
is the spectral reflectance factor for the target of interest (i.e., r(\)/7 is the bidirectional reflectance [sr~1]),
L, () is the spectral path radiance [Wem™2sr~tum ™!, and £,()) is the normalized spectral response of the p!"
spectral channel of the sensor under study where

Bp(A)
Bp(A) = TN dr (2)

with 61/)()‘) being the peak normalized spectral response of the p!* channel. Schott? also describes how the
MODTRAN radiative transfer code® can be used to solve for each of the radiometric terms in Eq. (1) (i.e.,
E!(N),71(N), 2(N), Eq(A),and L, (X)) given a set of atmospheric and illumination descriptors. Once the terms
are solved for, the spectral radiance target vector, x observed by a p-channel sensor can be expressed as

x = [L1(\), La(N\), .. ., Ly(M)]*. (3)

Similarly, a range of possible target vectors can also be be generated by using the MODTRAN radiation prop-
agation model. By changing the inputs to MODTRAN to span a range of variables representing atmospheric,
illumination and viewing conditions, a wide range of potential target spectral vectors can be generated from a
single target reflectance spectrum.

2.2. Structured Models

For the purpose of sub-pixel target detection, we use a geometric approach to model spectral variability that
leads to structured models. An overview of target detection approaches and their classification has been published
throughout the literature.® ?
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2.2.1. Model Formulation

Let us consider an image consisting of N pixels. Each pixel is represented by a p-dimensional vector of spectrum
x;, where p is the number of spectral channels or bands, and i = 1,2, ..., N. We assume the following structured
model:

x; = Ta; + Bb; + ¢; (4)

where T is a matrix of target basis vectors, B is a matrix of background basis vectors, and a; and b;, are
unknown weighting vectors. The vector €; represents approximation errors, which can be due to noise in the
data or modeling error (or both). If an endmember selection method (such as PPI or MaxD) is used on the
background, then the resulting basis vectors are endmembers representing real materials present in the image.
The vector b; represents the abundances of those materials in the given pixel x;. Conceptually, one would like to
have endmembers representing pure materials though this is not a necessity for the purpose of target detection.
The target endmembers, however, should not be interpreted as real materials. Consequently, we can think of
the target endmembers as basis vectors that attempt to describe the whole target space through their linear
combinations. Clearly, the basis vectors generated by an SVD approach cannot be regarded as endmembers.
Their interpretation is similar to that of the target endmembers, that is, the target (or background) space is
described by linear combinations of the SVD basis vectors.

If certain assumptions about €; are made, some elegant results can be obtained, as described in Sec. (2.2.2).
Unfortunately, such assumptions are rarely met in practice. The results presented in this paper do not require
any assumptions about €; . However, the idea is to have the modeling error be as small as possible. To this end,
the unknown vectors a; and b;, are usually estimated using a least-squares method, which is also implemented
in this paper.

2.2.2. Target Detection in Structured Models

The structured model in Eq. (4) may arise in one of two scenarios, i) we are trying to detect several targets
(columns of T') at once. A pixel is identified as containing the target if at least one of the targets is present and )
the exact spectrum of the target is unknown. The target space is known to be defined by linear combinations of
target basis vectors generated by various illumination and atmospheric conditions. In this paper, we concentrate
on the latter scenario where we have an estimate of the target subspace. We now make the following assumptions:

1. The matrix T is a known matrix of the target basis vectors (independent of the image spectra x;,i =
1,2,...,N).

2. The matrix B is a known matrix of the background basis vectors (independent of the image spectra
x;,0=1,2,...,N).

3. The vectors €; follow the multivariate normal distribution such that € ~ N(0,0°I).

Under these assumptions, optimal target detectors can be defined. As we will see, some of these assumptions
are not usually fulfilled in real data. However, the constructed detectors can still be used even though they are
not guaranteed to have optimal properties.

Assumption (1) is realistic because T represents the target space which is constructed based on a known
target spectrum and the illumination invariant technique described previously. That is, it is independent of the
image spectra. Assumption (2) is not realistic because B is derived directly from the image spectra. Lastly, the
assumption about normality of the residuals is typically not met in real data. This result is widely recognized
in current literature.%

For notation purposes, we will concentrate on a fixed pixel spectrum and omit the index ¢. Consequently Eq.
(4) becomes
x=Ta+ Bb +e. (5)

The target detection problem can be defined as a hypothesis-testing problem for testing the null hypothesis that
all values in vector a are zero. That is,
Hy:a=0 (6)

Proc. of SPIE Vol. 5425 99



where 0 is a vector of zeros, versus the alternative hypothesis
H1 ca 7é 0. (7)

Due to physical constrains, the coordinates of the vector a could be required to be positive (or even sum to 1),
however, such constraints are not explicitly needed in the detection methods presented in this paper. Under
assumptions (1-3), the generalized likelihood ratio (GLR) test for testing Hy versus H; is based on the following
statistic

XTPfgx »/2 8
xTP%x> ®)

GLR(x) = (

where Z = [T, B] is a matrix consisting of all columns of T and B, and Py (for Y equal to B or Z) is the matrix
of the projection onto the space orthogonal to the space generated by columns of Y. That is,

—1

Py =1-Y(YTY) YT (9)

where I is the identity matrix. The GLR statistic is a monotonic function of a matched subspace detector
(MSD)?
xT(Pg — Pz)x

MSD(x) = XTPLx

(10)

More specifically,
GLR(x) = (MSD(x) + 1)P/?. (11)

That is, the MSD is equivalent to the GLR. Consequently, the target detector to be used in this paper will be
the MSD. The MSD is also called a partial F-statistic in statistics.

It is a well-known result in statistics that, under assumptions (1-3), the MSD follows an F-distribution under
the null hypothesis Hy : a = 0, and a non-central F-distribution under the alternative hypothesis Hy : a # 0.
These results, in the context of remote sensing and signal detection, are presented throughout the literature.%”
Consequently, if assumptions (1-3) held in practice, one could find a threshold value f for detecting the target
when MSD(x) > f, and theoretical receiver operator characteristic (ROC) curves could easily be constructed.
Unfortunately, assumptions (2-3) do not usually hold in practice, which causes difficulties with choosing the
appropriate threshold value f. To resolve this issue, we assess the performance of the basis vector selection
methods using the observed ROC curves (cf. Sec. 3.2).

2.3. Approaches to Generating Basis Vectors

In this section, we briefly describe three basis vector selection methods used in this paper.

2.3.1. Singular Value Decomposition (SVD)

Let us now define a p x N matrix Y of all image pixels (given as columns) and consider the singular value
decomposition (SVD) of Y:
Y = UDV” (12)

where U,y , = [u;]j=1,...p is the matrix of eigenvectors of YY? and D is the diagonal matrix of singular values
o4, such that o1 > 09 > ... > 0, > 0. Healey and Slater! use the first 7 columns of U, that is, B = [ug, ..., u,],
as the background basis vectors. If some of the image pixels are easily identified as containing target (for
instance, by using the spectral angle mapper® algorithm), they are removed from the matrix Y before the SVD
is calculated. Some criteria for choosing the number of basis vectors r are presented in Thai et al.® They are
mostly based on the percent of variability explained by the first r vectors. Since the SVD is very efficient in
capturing the directions (vectors) explaining most of the variability, a relatively small number of basis vectors
tends to explain more than 99.99% of the overall variability. Unfortunately, it is difficult to decide how much
explained variability is sufficient for the purpose of target detection.
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