
of times each pixel is found to be extreme, This extremity-score can be shown to be
related to pixel purity, via a convex geometry argument (Boardman, 1993). The purest
pixels in the scene are rapidly identified.

The purest pixels in the scene are then compared against the target spectra. If
any are close matches fir the target materials they are identified and separated from
the other purest pixels. This allows the method to work on mapr scene components. It
is not limited to low-probability targets. All high-purity pixels that do not closely match
a target spectrum are used to determine a subspace that spans the background. This
obviates the need to know the specific background endmember spectra. We only
require their spanning subspace, a much less restrictive requirement. Optimal
projection vectors are directly calculated for the target-spanning subspace,
perpendi~lar tO the background-spann%3 SUbSi=ce”

Automatic unmixing (Boardman, 1993) is applied to the data, after projection
onto the optimal target subspace. Here the number of endmembers is one more than
the number of targets, irrespective of the complexity of the background. Flmlly, the
target apparent abundances are spatially mapped.

3. AVIRIS EXAMPLES

We present three applications of the method: carbonate mapping at the North
Grapevine Mountains (NGM), CA/NV; rare-earth mineral mapping at Mountain Pass,
CA; and kaolinite mapping near Golden, CO. The carbonate example is shown here for
illustration purposes. The NGM scene is fairly complicated and has a variety of surface
mineralogies. Figure 2 shows the MNF-eigenvalues, indicating at least six-dimensional
data. The targets of interest were calcite and dolomite, two carbonate minerals. The
partial unmixing process was applied, and the results are shown in the following figures.
Figure 3 shows the optimal projection of the data. The background composite
endmember is centered at (0,0). The vertical axis corresponds to the separation
between the targets and the background, the horizontal axis maps intertarget
separation. The units are noise standard deviations. Figure 4 shows the MNF model of
a target-free scene. The scatter in the null model corresponds to the noise in the data.
The agreement between the observed data and the null hypothesis model indicates the
successful derivation of the optimal projection. The targets are optimally separated,
and the multi-component background is fully compressed.

Figurea 5 and 6 show portions of the calcite dolomite abundance maps. For
display, the apparent abundances are scaled from 0.10 to 0.50 and displayed in a gray
scale from white to black respectively. The outcrop pattern of the two minerals and
surface mjxing is clearly defined. Figures 7 and 8 show the mean spectra of the 50
highest abundance pixels for each target. They are good matches to reference spectra
of calcite and dolomite.

4. CONCLUSIONS

We present a method for mapping target surface materials, based on their
spectral signatures, in the presence of complicated and unknown backgrounds. The
targets can be mapr scene components. The spectra of the background materials are
not required. The complexity of the unmixing is driven by the number of targets, not by
the number of total materials in the scene and background. This uncouples the
processing complexity from the scene complexity. ‘I’hemethod is rapid, automatic and
repeatable.
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Figures 7. and 8. Mean spectra of 50 purest dolomite and calcite pixels.
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