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ABSTRACT
Many hyperspectral imagery (HSI) mapping methods currently attempt to determine the dimensionality of a dataset and
extract discreet endmembers based on linear spectral mixing theory. The problem with this approach is that these
datasets are often of such high dimensionality that it is difficult to extract the level of detail inherent in the data. Most
such analysis approaches are simply overwhelmed by the complexity of HSI data. This research describes an approach
that uses segmentation and iterative analysis of HSI data to reduce the dimensionality to a manageable level. The
methodology involves spectral/spatial segmentation to determine initial groups of materials. The segmentation can be
done using a variety of methods, including classical supervised or unsupervised classification methods, the Spectral
Angle Mapper (SAM), spectral feature-based methods, or standard endmember determination and mapping approaches.
The result of the segmentation is a broadly classified image. There may be significant variation within each class. These
segments are then used as the starting point for additional n-Dimensional analysis. The HSI data are analyzed for each
of the classes or segments using a linear mixing approach, endmembers are determined, and distributions and
abundances are mapped. The segmentation reduces the original, complex dataset to a series of less complex problems.
Combination of the segment results to a composite analysis result produces a materials map that includes additional
detail beyond that achieved using the whole-image approaches. A case history utilizing AVIRIS data is presented.
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1.

INTRODUCTION

Hyperspectral Imagery (HSI data) are noted for their high dimensionality compared to multispectral imagery (MSI)
data1, 2. Hyperspectral data, with many (often hundreds) of spectral bands, allow extraction of diagnostic spectral
features that make identification of unique materials (endmembers) possible3. Many researchers have used an ndimensional analysis approach to determine key endmembers and map their distribution and abundances 4. This
approach works well for geologic and other similar problems, but high data dimensionality often limits its utility for
complex scenes such as those typical of urban areas and other complex, highly variable environments5.
Use of segmentation prior to analysis allows breaking the complex problem into a number of smaller (lower dimension)
analyses. Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) data6 acquired of Boulder, Colorado during
October 2002 on NASA’s ER-2 aircraft at approximately 15m spatial resolution5 are used here to demonstrate
segmentation concepts and their application.

2. METHODS
Two different segmentation approaches were applied to the AVIRIS data; 1) Spectral segmentation using the Spectral
Angle Mapper (SAM), and 2) Spatial/Spectral segmentation using the eCognition software. A modified, automated
hourglass procedure consisting of MNF transform, PPI, clustering of thresholded PPI data for endmember extraction,
and Spectral angle Mapper (SAM) as a 1st cut classification was applied to both segmentation results. In this approach,
hyperspectral data are used to determine spectral endmembers at the subpixel level using standardized HSI subpixel
mapping techniques3, 7 (Figure 1). Iteration is used on segmented data to reduce the dimensionality of the problem to
manageable pieces.

Figure 1:

Standardized hyperspectral analysis scheme. Note the hourglass shape, which schematically represents the
reduction of the hyperspectral data to just a few key spectra at the neck and then expansion back to spectral
maps of the full dataset. This approach is used iteratively on the segmentation results.

These methods were developed by Analytical Imaging and Geophysics, LLC (AIG) while the author was associated with
that company. They also are implemented and documented within the Environment for Visualizing Images (ENVI)
software system originally developed by AIG scientists (now a Research Systems Inc [RSI] commercial-off-the-shelf
[COTS] product)8. They are also described briefly below. This is not the only way to analyze these data, but we have
found that it provides a consistent way to extract spectral information from hyperspectral data without a priori
knowledge or requiring ground observations. The analysis approach consists of the following steps:
1.
2.
3.
4.
5.
6.

correction for atmospheric effects using an atmospheric model ACORN 9.
spectral compression, noise suppression, and dimensionality reduction using the Minimum Noise Fraction
(MNF) transformation8, 10, 11.
determination of endmembers using geometric methods (Pixel Purity Index – PPI)8, 11.
extraction of endmember spectra using n-dimensional scatter plotting8, 11.
identification of endmember spectra using visual inspection, automated identification, and spectral library
comparisons12.
production of endmember maps using a variety of mapping methods. The Spectral Angle Mapper (SAM)
algorithm13 is used as a first-cut mapping method. The preferred mapping method Mixture-Tuned-MatchedFiltering (MTMF) provides more precise results and is basically a partial linear spectral unmixing procedure,
producing abundance information for each endmember14.

2.1
Spatial/Spectral Segmentation and Analysis using SAM:
The procedure tested for the spectral (SAM) segmentation consisted of:
1.
2.
3.

Standard hourglass analysis of the VNIR AVIRIS data to produce a SAM classification image
Extraction of segmentation masks (one for each SAM class)
For each spectral segment (SAM Class)
a. Localized MNF transform and automatic noise cutoff
b. Local PPI and automatic thresholding
c. Automated n-D scatterplotting, using clustering to extract potential endmembers
d. Spectral Angle Mapper and/or Mixture-Tuned-Matched-Filtering to individually map each segment
e. Interactive review and analysis

Figure 1:

Left: True Color AVIRIS Image. Center: spectral endmembers extracted from the data using the standard (full-image)
hourglass method. Right: Automated 1st-pass SAM classification of AVIRIS VNIR (0.4 - 1.3µm). Eleven SAM classes
(+unclassified) found during the first automated analysis were used as segments for further analysis. Figures 2 and 3
and Table 1 show further segment analysis details.

Figure 2:

Five different (selected) SAM classes shown as binary mask images. The masks were used to generate localized MNF
transformations. PPI was run on the masked MNF data using an automated data/noise cutoff. New endmembers were
determined for each masked segment for use in the next stage of analysis.

Figure 3:

Second SAM classification of segmented images. Classifications are based on use of local segment endmembers
determined from the MNF, PPI, automatic endmember clustering described above. Note additional detail in selected
classes compared to Figure 2. Table 1 show number of classes in each segment and Figure 4 shows endmembers
extracted for fourth image from left (SAM Segment 3).

Table 1: Breakdown of new classes for each original SAM segment.

Figure 4: Endmembers extracted for segment 3 only
(fourth Image from the left in Figure 3).
These were previously all included in average
for endmember #2 (Green) in Figure 3.

2.2
Spatial/Spectral Segmentation and Analysis using eCognition
An alternative segmentation was run using the eCognition spatial/spectral analysis software. eCognition specializes in
multiresolution segmentation using an object-oriented approach. Multiresolution segmentation separates adjacent
regions in an image as long as they have sufficient contrast based on certain spatial/spectral homogeneity measures.
Multi-resolution segmentation with the eCognition software was used to produce spatial segments for more detailed
spatial/spectral analysis. eCognition’s multi-resolution segmentation uses region-merging starting with 1-pixel objects.
Smaller objects are iteratively merged into larger ones using a pair-wise region growing process. This approach
minimizes average heterogeneity of image objects weighted by their size (pairs of adjacent objects are merged that result
in the smallest growth in heterogeneity 15. The procedure tested consisted of:
1.
2.
3.
4.

Perform multi-resolution segmentation using eCognition on the VNIR MNF data
Convert segmentation results to ENVI Classification
Extract Segmentation Masks from classification image
For each spatial segment
a. Localized MNF transform and automatic noise cutoff
b. Local PPI and automatic thresholding
c. Automated n-D scatterplotting, using clustering to extract potential endmembers
d. Spectral Angle Mapper and/or Mixture-Tuned-Matched-Filtering to individually map each segment
e. Interactive review and analysis

Figure 5: Left: True Color AVIRIS Image. Right: eCognition 10-segment image. Figures 6 and 7 and Table 2 show further segment
analysis details.

Figure 6:

Left: True Color AVIRIS Image. 2nd from Left: eCognition segmentation results as ENVI classification image. Images
starting 3rd from left are eCognition segmentation images as binary mask images. Note spatially distinct segments based
on spectral homogeneity.

Figure 7:

Left: eCognition segmentation result image. Images starting 2rd from left are result of applying localized segment MNF,
PPI, automated endmember extraction, and SAM mapping to the individual segments. Note additional detail compared
to Figure 1. Table 2 shows number of classes in each segment.

Segment ID
Segment 1
Segment 2
Segment 3
Segment 4
Segment 5
Segment 6
Segment 7
Segment 8
Segment 9
Segment 10
Total EM

# EM
11
9
9
8
10
9
12
6
4
6
84

Table 2: Breakdown of new classes for each original SAM segment.

3.

DISCUSSION AND CONCLUSIONS

The above two segmented analyses examples illustrate the general concept of breaking the HSI analysis down into
smaller problems and a preliminary methodology. The segmentation can be done using a variety of methods, including
classical supervised or unsupervised classification methods; the Spectral Angle Mapper (SAM), spectral feature-based
methods, or standard endmember determination and mapping approaches. The starting point of the segmentation is a
broadly classified image and further within-segment classification makes the most sense when there is significant
variation within each original class. Independent analysis of each segment reduces the original, complex dataset to a
series of less complex problems. Combination of the segment results to a composite analysis result produces a materials
map that includes additional detail beyond that achieved using the whole-image approaches. The research presented
here, however, represents only the first stage. Additional work is still needed to validate segmentation results in terms of
real-world spatial/spectral associations and to develop methods to compare endmembers from the various segments and
consolidate, merge, and identify.
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