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Section 1: Introduction

In the pursuit of national security objectives, the services and the intelligence community
rely on the use of data provided by remote sensing. Hyperspectral imagery (HSI) data and
derived information have shown the potential for meeting requirements not achievable with other
collection systems. Due to its large number of fine frequency bands across a wide portion of the
spectrum (UV to LWIR), hyperspectral technology offers enhanced discrimination capability and
can be used to detect and identify various materials of interest.

Our objective for this IR&D was to develop, evauate, and test classification algorithms
to exploit hyperspectral imagery to support nationa security objectives. We chose to concentrate
on landuse classification which is an important Support to Military Operations (SMO)
application, in part because it has utility to both DoD as well as NASA and aso because we
could use readily available unclassified datasets for our development and testing.

This technical report is organized as follows: some tutoria information on utility, data
modeling, and the general processing of HSI data are discussed in the remainder of Section 1.0.
Section 2.0 lists the HSI datasets that we have acquired. These include both unclassified and
classified datasets that cover the reflective as well as the emissive spectral regions. Various
approaches to atmospheric compensation processing are discussed in Section 3.0. Classification
methods are surveyed in Section 4.0 where we also give a detailed description of a multi-scale
Bayesian classifier that operates in both the spatial as well as the spectral domain, the Sequential
Maximum A Posteriori (SMAP), developed for our landuse application. Some example results
of our processing approaches on HSI data are presented in Section 5.0. Finally, Section 6.0
highlights those areas that we believe require additional follow-on work.

1.1  Utility of HSI Data

HSI data is expected to be highly useful to both the DoD/Intel and scientific
communities.  Unlike panchromatic or multispectral imaging (MSI) data, the increased
information contained in the hundreds of spectral bands present in HSI data allow finer material
classification. Applications that can benefit include:

Counterproliferation Chemical, Nuclear, Biological

Support to Military Operations (SMO) | Terrain Categorization, Camouflage Detection
Counternarcotics I1legal Crop Detection, Production Facility Detection
Environmental 1ssues Point Source Pollution - Water, Air, Ground

Trade and Economic |ssues Crop Health, Water Resources

Examples of the utility of HSI to these application areas are known and well documented.
Results obtained in the visible/near-infrared/shortwave-infrared (0.4-2.5 um VIS/INIR/SWIR)
portion of the electromagnetic (EM) spectrum using the airborne NASA/JPL AVIRIS sensor
have been published in the scientific technical journals for years. This region of the spectrum
has demonstrated utility for terrain categorization (TERCAT) [1], vegetative stress and crop
health [2], invasive species monitoring, wildfire fuel distribution [3], discriminating camouflage
from real vegetation [4], assessing water quality [5,6], etc. The midwave-infrared (3.0-5.0 um
MWIR) portion of the spectrum is useful for detecting hot targets and smoke. The longwave-
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infrared (7.5-20 um LWIR) spectral region can also be used for terrain categorization as well as

detection of various gaseous effluents. Figure 1.1 below summarizes the kinds of problems that
can be addressed in the various EM spectral regimes.

Reflective

-
a

400nm 500 700 1100nm 3000nm 5000nm

Emissive

Figure 1.1: Utility of Hyperspectral Imaging Data

1.2 HSl Data Description and Radiance Models

HSI sensors collect data in the form of a datacube which has two spatial and one spectral
dimension as shown in Figure 1.2 below. For every spectra band, an image is generated; by
following a given pixel across al bands, a spectrum is produced. Current HSI sensor technology
falls into one of two general categories. Dispersive optics sensors are commonly designed as a
linear spatial array coupled to gratings that split the received light into the various spectra
components; the second spatial dimension is acquired by platform motion in a pushbroom
fashion. A competing sensor design is the Fourier Transform Imaging Spectrometer architecture.
This design actually records an interferogram and, hence, has the capability to generate higher
resolution spectra. The tradeoff isthat the sensor must operate in a snapshot mode which greatly
reduces the field-of-view (FOV) and limits the integration time resulting in a decrease in the data
signal-to-noiseratio (SNR). Most sensors in use are dispersive optics designs.
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Figure 1.2: Hyperspectral Imaging Datacube Structure

Every material - solid, liquid, or gas - has a unique spectral signature that can be
exploited to detect, identify, and classify it. Spectral libraries of material characteristics -
reflectivity in the VIS/NIR/SWIR and emissivity or absorbance in the MWIR and LWIR - exist
and can be used to detect and identify compounds. However, the radiance collected at the sensor
is a complicated function of these spectral characteristics and is also influenced by atmospheric
transmission effects, illumination/temperature effects, adjacency effects, etc. Each of these
effects needs to be compensated by processing prior to matching against a spectral library.

In order to extract information from HSI data, it is essential to begin with an underlying
physics-based model for the collected data. This alows us to mathematically describe the
radiance, defined as the flux per unit projected area per unit solid angle, incident at the sensor or
so-called at-sensor radiance, L, .. This at-sensor radiance is a summation of the contributions
of numerous terms including both reflected solar and emitted thermal effects. A very nice
discussion can be found in Schott’s text [7] where he develops 'the big equation’ describing the
at-sensor radiance. Borrowing on Schott’s notation, Figure 1.3 illustrates the energy pathways
for the various contributions resulting in an at-sensor radiance given by:

Lo =L+l +L +L +L_+L +L, +L, +L, +L,

at-sensor

where

Reflected solar radiance from the ground area of interest,
. = Reflected atmospheric scattered solar radiance from the ground area of interest,
. = Upwelled atmospheric scattered solar radiance,

A

L
L
L
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Self-emitted radiance from the ground area of interest,

Reflected atmospheric scattered self-emitted radiance from the ground area of interest,

Upwelled atmospheric scattered self-emitted radiance,

Reflected solar radiance from background objects that is then reflected from the ground

area of interest,

Self-emitted radiance from background objects that is reflected from the ground area of

interest,

L, = Reflected solar radiance from background objects that is scattered into the sensor FOV,
and

L, = Sdf-emitted radiance from background objects that is scattered into the sensor FOV.

-
11

@ m m w)

—
I

As with any model, this expression is a result of some smplification, but it provides a
robust characterization of the radiance collected at the sensor for both the reflective and emissive
portions of the EM spectrum. Each term in the mode! is a function of wavelength and only terms
L, L L, Ly L, and L, involve the spectral characteristics of the material(s) of interest on the
ground. Of these, L, and L, are additionally influenced by the spectral characteristics of near-by
background objects.

Lc

LLLLLLL Le

WZ//

Lasensor =La+lp+lctlptLle+tble+tlgtly+L+1,

Figure 1.3: 'Big Equation’ Radiance Model Solar and Thermal Energy Paths

In the VIS/INIR/SWIR spectral regime, the self-emitted thermal effects are negligible and the at-
sensor radiance reduces to

Lo =L, +L +L +L,

at-sensor

or, upon expansion,

r(A) ra(A)

(/l)+L us(A)

Lt () = (EL N 005(01) 52 () +[FEL () +i-PER ()]
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where

— E.(A) isthe exoatmospheric solar irradiance in [wm?um™,
— o'isthe sun declination angle relative to the target surface normal,

— r(A) isareflectance factor related to the bidirectional reflectance and is afunction of incident
illumination angles as well as exit angles to the sensor,

— T,(A) isthe atmospheric transmission along the sun to target path,

— Fisthefraction of the hemisphere above the target that is sky,

— E,(A) isthe solar downwelled irradiance, i.e. skyshine,

— E_(A) isthereflected background irradiance, an adjacency effect,

— r(A) isthe diffuse reflectance of the target,

— 1,(A) isthe atmospheric transmission along the target to sensor path, and
— L (M) isthe solar scattered upwelled radiance.

Common assumptions include ignoring the specular effects of the bidirectiona
reflectance, i.e. the target is modeled as having only a diffuse reflectance component, so r=r,.
For satellite-based sensors, the atmospheric transmission factors, 1,(A) and t,(A), are usually
modeled as being equivalent. For fully illuminated targets, the direct solar reflected radiance
term dominates and the reflected indirect skyshine term becomes negligible. However, as
highlighted in Section 6, the indirect skyshine term is crucial when modeling targets in shade.
Lastly, adjacency effects arising from nearby background objects are difficult to model and
frequently ignored. Different at-sensor radiance models, of course, apply for the MWIR and
LWIR spectral regimes.

1.3  HSI Processing Chain

Figure 1.4 shows a functiona block diagram of the typical processing chain used to
extract information/data products from an input HSI datacube. After calibration to account for
the spectroradiometric attributes of the sensor, processng steps include: atmospheric
compensation, temperature/emissivity separation (emissive domain) or topographic illumination
suppression (reflective domain), feature extraction and/or transformation into a smaller
dimensionality space, detection and identification processing, and subpixel material detection.

Even with the modeling ssimplifications discussed in the previous section, it may seem a
daunting task to unravel the at-sensor radiance equation in order to obtain the target materia
reflectivity. This, however, is the goa of the many atmospheric compensation approaches that
have been developed which are discussed in Section 3. Thisis one of the most important steps
involved in the processing chain since the spectral libraries used for detection and identification
are comprised of material reflectivities, not at-sensor radiances. Although some libraries do
contain the angular dependencies of the full bidirectional reflectances, most only contain the
mean diffuse reflectivity of each material.



page 7

Figure 1.4: HSI Processing Chain

Once either the reflectivity (or emissivity) is obtained, spectral matching methods can be
employed. These include conventional matched filters, derivative matched filters, supervised
and unsupervised orthogonal subspace projection (OSP) filters as well as more novel approaches.
SMO applications such as TERCAT or camouflage detection require classification or anomaly
detection algorithms. Standard approaches as well as our new SMAP classifier are discussed in
detail in Section 4.

An additional processing step that is required for quantification purposes is subpixel
unmixing. This is of increased importance with sensors such as SINDRI that have large 30
meter by 30 meter pixels. The radiance collected at sensor is modeled as a linear mixture (non-
linear in the case of gases) of the radiance contribution from each materia present in the pixel
footprint. Various approaches to subpixel abundance estimation have been proposed using OSP
or multiple linear regression. However, these approaches have drawbacks, OSP requires
knowledge of the interfering material signatures and conventional linear regression approaches
don’t impose non-negativity constraints. While we were unable to investigate subpixel unmixing
strategies for this year's IR&D effort, we discuss some ways that we believe that the SMAP
algorithm can be used for subpixel anomaly detection in Section 6.
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Section 2: Hyperspectral Imagery Datasets
21 Unclassfied Datasets
We have acquired a number of unclassified datasets this past year from various sources
with which to test our hyperspectral processing techniques. These datasets are summarized
below:

Table2.1: Acquired Unclassified Datasets

Sensor Wavelength | Number of Collection Collection Sensor Data
Name Range (um) Channels Date(s) Site Height(s) Provider
AVIRIS 0.37-2.50 224 06/19/97 CUprli\}\e/S”e' 20 km AlG
AVIRIS 0.37-2.50 224 04/03/97 Jasper 20 km AIG
Ridge, CA
AVIRIS 0.37-2.50 224 07/05/96 POk,‘\’A”E)Oke' 20 kft JPL
TRIPS 0.39-0.97 60 11/15/00 Abﬁﬂ%ee”v 9.2 km Internal
- Washington _
HYDICE 0.40-2.34 191 unknown DC Mall 20 kft Internet
SEABASS | 7.34-1357 128 06/24-27/97 AR'\é Os”e' 2.5-10 kft SITAC

Of these datasets, we use the AVIRIS Low Altitude collect (over Pokomoke, MD) to evaluate
various atmospheric compensation approaches, discussed in Section 3. In addition, the HY DICE
DC Mall datacube is optimal for evaluating our new spatial and spectral classification technique
(SMAP) using in-scene classes, described in Section 4.
2.2  Classfied Datasets

We have also obtained the following classified datasets:

Table2.2: Acquired Classified Datasets

Sensor Wave ength Number of Collection Collection Sensor Data

Name Range (um) Channels Date(s) Site Height(s) Provider
HYDICE 0.40-2.50 220 2/10-15/99 Yuma, AZ variable SITAC
SEABASS 7.34-13.57 128 2/10-15/99 Yuma, AZ variable SITAC

This more recent and comprehensive set of data from the Desert Radiance-Ill Experiment
includes a wide range of Ground Truth for evaluating our atmospheric compensation and
classification schemes. An unclassified discussion of our promising results with these datasets is
given in Section 5.
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Section 3: Atmospheric Compensation

3.1 Importance

The signal received from a hyperspectra sensor on an airborne platform or satellite
platform is the product of many sources and a function of a number of parameters. In the
VIS/NIR/SWIR bands, these sources include the surface reflected sunlight, which is a function
of surface reflectivity, and atmospheric scattered sunlight and attenuation, which is a function of
temperature and constituents such as water vapor, carbon dioxide, ozone, aerosols, and clouds.
In the MWIR/LWIR bands, the primary sources are surface temperature and emissivity as well
as atmospheric attenuation. The sensor signal is also a function of parameters such as solar
azimuth and elevation which depend on sensor location, time of day, and day of year as well as
the sensor viewing geometry. In order to correctly characterize the surface terrain, the
intervening atmosphere between the sensor and the surface must be properly accounted for.

3.2  Existing Radiance to Reflectance Codes

The traditional approach for atmospheric compensation of hyperspectral data is to
convert the datacubes from radiance units to surface reflectivity or emissivity, so that the
datacubes can be compared to surface spectra libraries, which are typically provided in
reflectance, for classification purposes. Note that surface reflectance is one minus the surface
emissivity. An example of a radiance to reflectance conversion for a Green Vegetation pixel
from the AVIRIS Low Altitude collection is shown in Figure 3.1. Some bands are missing in the
reflectance spectra due to low signal levels resulting from strong atmospheric absorption bands
in the original radiance spectra.

Empirical Line Method

We first investigate the simplest conversion code called the Empirical Line Method,
which isincluded in the ENVI software package [8]. Thistechnique uses at least two reflectance
(or field) spectra which the user correlates with the associated radiance (or data) spectra in the
scene. A gain and offset are computed and then applied to the rest of the scene to perform the
conversion. Its assumptions are that the atmospheric and illumination conditions are uniform
across the scene. The advantage of this technique is that it is quick and straightforward. Its
disadvantage is that it requires very accurate correlation between the field and data spectra. We
notice that slight mismatches amplify the conversion errors in the rest of the scene. In addition,
the need for a selection process by the user does not lend this method to an automated operation.

Atmosphere Removal Program (ATREM)

We next investigate a more comprehensive code called ATREM [9], which also has an
ENVI GUI interface. This code, developed by the Center for the Study of Earth from Space
(CSES) at the University of Colorado, is designed for deriving scaled surface reflectance from
VIS/NIR/SWIR spectral imagery. Atmospheric transmittances are calculated using a Malkmus
narrow band model with pressure scaling while atmospheric scattering is modeled using the 6S
code. Other required inputs are the sensor characteristics (wavelengths, bandwidths, radiometric
calibration), sensor location (lat, lon), sensor height, scene elevation, climatology model, and
aerosol model. One advantage of this code is that the most variable atmospheric parameter,
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water vapor, is derived on a pixel-by-pixel basis from the datacube itself using the 0.94 and 1.14
micron water vapor bands and a three-channel ratioing technique. The primary disadvantage of
this code are the large systematic errors which are present in the retrieved scene reflectance
spectra. Errors are present, for example, in and around the water vapor bands used for the water
vapor retrieval. Very low signal to noise ratios in other strong atmospheric absorption bands also
produce erroneous retrievals. There is an additional polishing technique within ENVI we have
experimented with called EFFORT (Empirical Flat Field Optimal Reflectance Transformation),
which is used to determine and apply mild adjustments to ATREM apparent reflectance data to
make the spectra appear more realistic. Residual errors, though, remain in the reflectance spectra
which render many of the sensor channels ineffective for classification purposes.

Atmospheric Correction Now (ACORN)

As an improvement over ATREM for VIS/NIR/SWIR atmospheric compensation, the
Analytical Imaging and Geophysics (AlG) company in Boulder, CO developed a new code
called ACORN [10] which we have purchased. The software, which can be run as an ENVI
plug-in or a stand alone windows program, operates much faster than ATREM by using
MODTRAN4 look-up tables and climatology for the radiative transfer modeling. In addition to
a pixel-by-pixel ATREM-like water vapor derivation, the code attempts to quantify the aerosol
effects by performing a visibility estimate based on the spatial and spectral content of the data in
the 400 to 1000 nm spectral regime. ACORN also has a series of artifact suppression options.
The first suppression technique attempts to assess and correct for any mismatch in the spectral
calibration of the data set and the radiative transfer calculations. This suppresses artifacts such as
sharp spikes near the strong atmospheric absorption features. A second technique attempts to
suppress small artifacts due to errors in the absolute radiometric calibration and/or errorsin the
radiative transfer calculations. Our tests indicate that ACORN produces cleaner and more
reliable VISINIR/SWIR reflectance spectrathan ATREM or the Empirical Line Method.

In-Scene Atmospheric Compensation Algorithm (ISAC)

The ISAC code has been the standard for producing emissivity spectra from MWIR and
LWIR radiance maps [11]. The code operates under the assumption that in any given image,
there will be several pixels corresponding to surfaces with unity emissivity at some reference
wavelength. This wavelength is typically that a which the maximum brightness temperature
occurs for the most number of pixels. A series of ‘blackbody pixels' are then defined with their
surface temperatures set equal to the sensor brightness temperatures at the reference wavelength.
In other words, the atmospheric transmission at the reference wavelength is also unity. The code
then operates similar to the Empirical Line Method by using the observed radiances of the
‘blackbody pixels' to compute the upwelling spectral radiance and the spectral transmission for
the remaining pixels in the scene, from which the spectral emissivity can be computed. The
algorithm, with its many assumptions, is designed to provide a decent estimate of the spectral
shape of the surface emissivity.
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Source: AVIRIS
Pokomoke Green
Grass Pixel

Source: AVIRIS
Pokomoke Green
Grass Pixel

Figure 3.1: Example of a Radiance to Reflectance Conversion for a Green Vegetation Pixel
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3.3  Development of the Spectral Radiance Generator (SRG)

Following the investigation of existing codes, we set forth on building our own
Atmospheric Compensation routine, called the Spectra Radiance Generator, which is less
scenario dependent and designed for automated operational applications. It incorporates the
radiative transfer code MODTRANA4, the U.S. Air Force atmospheric transmission, radiance, and
flux model developed by the AFRL Space Vehicles Directorate [12]. Our general approach isto
establish and perform the classification process in the radiance domain as opposed to the
reflectance domain. Specifics of the SRG are listed below:

Importing Reflectance Spectral Libraries

A number of standard spectral libraries are included with the ENVI software package.
The organizations which produce these libraries are the USGS Denver Spectroscopy Lab, NASA
JPL, Johns Hopkins University, and University of Colorodo CSES. They include categories such
as Minerals, Course and Fine Sed/Meta/lgn Rocks, Soils, Vegetation Types, Water, and Snow.
Also included are Manmade Materials such as Galvanized Steel, Concrete, Asphalt, Brick,
Wood, Tiles, Paints, and Metals. The spectral data is typically collected under controlled
conditions in a laboratory. A number of the data collection experiments, such as the Desert
Radiance-11 Experiment, include Ground Truth where spectrometers or Cherry Pickers are
taken into the field to measure the spectra of the surfaces of interest. The SRG identifies the
ASCII Spectral Albedo Data File for MODTRAN4, which must have a specific data format.

Reading Forecast or Radiosonde Weather Profiles

One unique characteristic of the SRG is its ability to read either forecast weather data for
amission planning operational scenario or radiosonde data for post collection analysis. Forecast
data is read from the Air Force Weather Agency’s (AFWA's) 5" generation Mesoscale Model
(MM5). MMS5 forecasts the state of the atmosphere at a given location, for up to 72 hours after
the time of analysis, using climate models, combined with satellite and radiosonde data. The
user is given a series of Theater Aress to select from. The resolution of AFWA's theater grids
range from 45 to 15 km. Three sample theaters are displayed in Figure 2. They are color coded
based on the surface type (sea, rural, ice, barren, urban). Following an extraction process for the
specific theater area, cycle or analysis time, and forecast hour of interest, the user selects the
specific grid point with a click of the mouse. The following surface and weather information is
then read in and placed into anew ASCII input file called * Tape 5" for MODTRANA4:

- Latitude and Longitude

- Surface Elevation and Visibility

- Surface Pressure, Temp, and Relative Humidity

- Surface Wind Speed (u and v components)

- Surface Terrain Type (sea, rural, ice, barren, urban)
- Precipitation Type (no precip, rain)

- Geopotential Height Profiles (versus pressure)

- Temperature Profiles (versus pressure)

- Relative Humidity Profiles (versus pressure)
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There is aso an option to read in radiosonde data from the NOAA Forecast Systems
Laboratory’s RAOB output files, which are generated through their Web site [13]. All of the
above required information are contained in the files except for Terrain Type, Surface Visihility,
and Precipitation Type, which are thus provided by the user. MODTRAN4, though, does
attempt to estimate surface visibility based on surface wind speed for sea and barren terrain types
and the user has the option to select this default vishility.

Sensor Information

This mode of atmospheric compensation also requires accurate knowledge of the sensor
which will perform or has performed the specific data collection. One advantage of the SRG
over other codes is its ability to support al relevant HSI wavelength bands. Thus, only one
software routine is required for VIS/INIR/SWIR sensors such as AVIRIS and HYDICE aswell as
MWIR/LWIR sensors such as SEABASS. In addition to the wavelengths, the SRG stores the
sensor bandwidths and radiometric calibration. Other information entered by the user includes
sensor height, zenith angle, and azimuth angle. The SRG is more general than other codesin its
ability to support off-nadir viewing of a scene if necessary.

GUI Interface

A graphic of the GUI interface for the Spectra Radiance Generator is shown in Figure
3.3. The Sensor Info is selected/entered on the first row. The user then has a choice of entering
either MM5 Info for radiance forecasting or RAOB Info for post mission analysis. The
Reflectance Spectralist is broken up into categories of Background and Targets for convenience.
These spectra are associated with those in the Spectral Albedo Data File. The user can choose
any or al of the spectra. 1f none of the spectra are chosen, a surface albedo of zero (a blackbody)
isassumed over the wavelength regime. Those listed in Figure 3.3 are appropriate spectrafor the
AVIRIS Low Altitude collect.

Reflectance to Radiance Approach

This new strategy for atmospheric compensation is presented visually in Figure 3.4. This
methodology lends itself to a reduction in spectral artifacts while improving the signal to noise
ratio near the atmospheric absorption bands. Since the conversion process does not take place on
apixel by pixel basis, areduction in the computational load is achieved. A comparison between
the performance of this method using the SRG and the more traditional radiance to reflectance
method using ACORN is presented in Section 5.
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Figure 3.2: Three Sample MM5 Theater Areas with 45 by 45 km Grid Points
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Figure 3.3: Sample GUI Interface for the Spectral Radiance Generator

Reflectance Libraries

Collection and Sensor Data

Location, Time, Height, Bands, F?V\HM s

Forecast or Radiosonde Data

Radiance Libraries

Figure 3.4: Reflectance to Radiance Approach for Atmospheric Compensation
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Section 4: Classification Approaches

For the landuse characterization application, we explored various approaches to the
classifying the HSl data into useful TERCAT classes such as asphalt, concrete, water, and
vegetative classes. Supervised rather than unsupervised classification approaches were
considered since we were interested in matching against known defined TERCAT classes. Most
HSI classification methods operate solely on the spectral dimension of the data. That is, they
perform the classification on the derived reflectivity (or emissivity) spectrum of each spatial
pixel independently. We aso investigated methods that use spatial in addition to spectral
information, so-called spatial-spectral methods, which we find result in a more robust
classification. Of course, other supervised learning techniques may also be applicable (e.g.
neural networks) but we did not have the time or resources to evaluate these alternative
approaches.

4.1  Spectral Classification Methods

We examined severa standard supervised classification methods that operate on the
spectral dimension of the HSI data. These included Minimum Distance, Parallelepiped,
Mahalanobis Distance, Spectra Angle Mapper, and Maximum Likelihood classifiers. Brief
descriptions of these techniques are given below.

Minimum Distance

The Minimum Distance classifier computes the Euclidean distance between the pixel data
spectrum, y, and the class mean spectrum, m, for every classi=1,Nclasses.

D, =y(y-m,)"(y-m,) .

The classi that yields the minimum distance is assigned as the pixel class. Whilethisresultsin a
very smple implementation, it has limited discrimination utility since it does not use any
information about the class distribution variations from the mean.

Parallel epiped

This classifier defines ssimple parallelepiped boundaries around each class mean based on
the standard deviations in each spectral band, j=1,Nbands, i.e.

Assign Classi if:  [x(A) - m(\)| < a, 6,(\) for al j=1,Nbands .

The coefficients, a;, that determine the boundaries are chosen to equalize the number of standard
deviations between class means. The Parallelepiped classifier is more robust than the Minimum
Distance classifier since it incorporates some information about the class variances. However,
itsmajor limitation isthat it does not account for band-to-band spectral correlations.

M ahalanobis Distance

The Mahalanobis Distance classifier uses a second order distance metric defined as
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D; :(y_mi)T i_l(y_mi) -

This score gives the distance in terms of noise standard deviations between the observed data and
the mean class spectrum. For Gaussian data, this isthe chi-square statistic. Note that, unlike the
other classifiers discussed so far, the Mahalanobis Distance classifier incorporates knowledge of
the band-to-band spectral correlationsin the form of the class covariance matrix, .

Maximum Likelihood

The Maximum Likelihood (ML) classifier assigns the class i that maximizes the
conditional probability density function, i.e.

mex{f, (yIi)} -

If the observed data, y, ismodeled as a class conditional Gaussian,

. o 3 01 _ O
e f(yli)=N(m, )= . expEI_E(y_mi )Ty —m, )%

1
(Z@Nbands/2|zi|

we see that the conditional density function involves the Mahalanobis distance. If, in addition,
all classes are assumed to have the same class covariance, i.e. = for al i, then the ML and
Mahalanobis Distance classifiers are, in fact, equivalent.

Spectral Angle Mapper (SAM)

The Spectral Angle Mapper (SAM) is a non-linear ad hoc technique that uses only
angular information to produce a matching score. It assigns high-valued scores to those spectral
vectorsthat lie close in angle space to the known mean class vector, i.e.

LBm'y B
Scoreq =Cos - i
= TN

This is equivalent to normalizing each pixel spectrum in the datacube to have unity length,
computing a matched filter score to the unity length class mean (white noise assumption), and
then passing the normalized scores through a nonlinear arccos function to yield the fina scores.
The arccos function is fairly linear near zero (low scores) and becomes nonlinearly compressed
near +1 (higher absolute value scores). The SAM method removes data magnitude information
from the detection scoring process. Thisis both its mgor strength and weakness. It is a strength
because it attempts to ameliorate the effects of varying illumination for reflective data; it is a
weakness because it allows low magnitude noise to leak through causing increased false alarms.
It also makes no effective use of known class statistical variations from the mean.
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4.2  Spatial/Spectral Classification Methods

One of the major drawbacks we believe that the spectral-based classification approaches
have is that they ignore the useful spatial information also contained in the HSI datacube.
Therefore, we investigated a few spatial-spectral algorithms that have been published in the
literature. One approach developed by Professor Landgrebe at Purdue University is called
ECHO (Extraction and Classification of Homogeneous Objects) [14]. According to the
literature, this algorithm first segments the scene into spectrally homogenous objects and then
uses a ML classifier to assign classes to the aggregated objects. We aso investigate two
Bayesian classification approaches discussed in the following sections.

Bayesian Maximum A Posteriori

Unlike the ECHO approach which is more of an ad hoc combination of unsupervised
clustering coupled with traditional spectral-only classification, a more formal incorporation of
the gpatial information is accomplished using a Bayesian approach. The Bayesian Maximum A
Posteriori (MAP) classifier operates by choosing the class assgnment that maximizes the a
posteriori probability given the observed data, vy, i.e.

g =, (yIHP(i)
miaX{P(lly =y)} = mf\xw%-

The spatia information is used to determine the prior probability, P(i), i.e. the probability that
the particular pixel in question belongs to Classi. The determination of this prior probability is
accomplished through the use of Gibbs or Markov Random Field modeling of the pixel-to-pixel
spatia correlations.

One Bayesian MAP classification approach was implemented by Ashton [15]. After
classification is performed and each pixel in the datacube is assigned to one of the i=1,..,N
allowable classes, we can reasonably assume that pixelsin close spatial proximity to each other
might well be assigned to the same class. This assumption is reflected in the Gibbs Random
Field model for class assignments where, given an Ncolumn x Nrow classification assignment
map, X, for the entire datacube,

P{X =x}=e™/Z
where the Gibbs potential is defined as

U(X):zVC(X) .
C

The summation is over al cliques, C, where a clique is defined as a localized spatial
neighborhood of pixels. The clique potential is defined as
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[(+3 ; All pixelsin Cligue C classified identically
Ve(X) =0 .
B ; ese

The partition function, Z is
Z= Z e V(@

where the summation over w represents all possible realizations of the Ncolumn x Nrow class
assignments, X This MAP estimator then undertakes the daunting task of finding the best
overall Ncolumn x Nrow class assignment given the entire observed Ncolumn x Nrow x Nband
HSI datacube, Y,

o O (YIX)P(X =X) O
P(X|Y =Y)} = Y :
AP =R ST ey ¢

Note that the classification assignments are not determined independently for each spatia pixel;
instead, an attempt is made to determine the best class assgnments for all pixelsin the datacube
simultaneously by optimizing over the entire space of all possible class assignments — a space of
dimensionality (Nclasses)" ™ ™. The improved classification this approach yields comes at
the expense of a huge amount of computation; methods employed to maximize the expression
above include stochastic relaxation, iterated conditional modes, and dynamic programming.

Besides the computational complexity, there are some other drawbacks to this approach
to MAP estimation. A key limitation is the inability of the Gibbs Random Field to model
correlations over larger spatial scales; it primarily models localized correlations within a small
pixel neighborhood or clique usually containing only the eight nearest neighboring pixels. It aso
imposes a somewhat unnatural ordering as a result of causality constraints, i.e. not al
neighboring pixel classifications may be known.

Bayesian Sequential Maximum A Posteriori (Multi-scale)

An adternative approach to this spatial random field model is to model the class
assignments as being a Markov random process in multi-resolution scale. Using this approach,
the class assgnments at a finer resolution spatial scale are dependent on the class assignments at
coarser resolutions. This leads to a more natural ordering of the data and also enables larger
scale image correlations to be captured. Algorithm implementation is aso much simplified since
there is no need to estimate partition functions as there is with the single-scale spatial Gibbs
Random Field model. An interesting consequence of this model is that, for a given scale
resolution, the pixels are modeled as conditionally independent given the class assignments for
the next coarser scale. Figure 4.1 shows the general multi-scale concept of the Sequential MAP
(SMAP) classifier.

The basic multi-scale first-order Markov process is captured in the following equation:

F{x(ﬂ) :X(n)|X(k) :X(k),k >I’l} zp{x(ﬂ) :X(n)|X(n+l) :X(”“'l)} :fx(n)p((nﬂ)(X(n)lx(n+1)) .
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The distribution for the class assignments at scale n, X®, is only dependent on the class
assignments at the next coarser n+1 scale, X™?.  Letting n=0 be the finest scale (original pixels)

and n=L be the coarsest scale, the conditional density function of the data, Y, given the class

assignments, X, at all scalesis only dependent on the class assignment at the finest scale, X,

fux(YIX®,n20) =f, 0 (YIXO)

Putting these two results together yields the multi-scale MAP approach
= (n) (n)

max{ Py (XIY =Y)} Omax{fx(YX,n 20) X, 20)}

where

-1
fyp(YIX®,n=0) P{X®,n=0) =fY|X<m<Y|X(°>>§‘|fxwlxm<x<“>|x<“*1>>§w<x<”> :
=0

The class assignments are estimated sequentially for each scale starting at the coarsest scale n=L,

% =marocf, ., <01 =) }=maodl, . (v 1X)]+logl . x)}

(L)

andforO<sn<lL,

)z(n) = m?)%ogkx(n) X (1) vy (X(n) |)2(n+l)’Y)}: m?’AOgEY X (M (Y |X(n))]+ Iogﬁx(n) X (M+1) (X (m |X(n+l))}
X (M | ' x (M | |

By assuming that X“ is uniformly distributed, the coarsest scale estimate reduces to the
ML estimate,

v (L) — (L) .
£ =madogf, ., (v 1X)]

The transition probabilities that determine the probability of assigning a class m to a given
sample at scale n given the known class assignment at the next coarser scale, n+1, ismodeled as

1-6,
Nclasses

(1-6,)/Nclasses TMm#Zi
=[Nclasses-1) N 1

H Nclasses " Nclasses '

(n) — (n+1) _ &y —
fx(n)p((n‘rl) (Xs - mlxas - I) - er‘lam' +

That is, for every sample at scale n, the probability of keeping the same class assgnment as a
‘parent’ sample, x,"™”, at the next coarser scaleis fixed at 6, (Nclasses-1)/Nclasses + 1/Nclasses.
The probability of transitioning to a different classis distributed uniformly across al remaining
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classes. Thisis, of course, asimplified model. A more robust model would incorporate the non-
uniform nature of realistic transition probabilities anongst the various classes, for example, a
vegetative class would have a higher probability of transitioning to another (yet different)
vegetative class than it would to an asphalt or concrete material class. Incorporating a more
sophisticated class transition probability model that would more accurately account for between
class similarities could be the focus for future work.

Using the current simplified model, the parameters, 8 , completely determine the class
transition probabilities for each scale n. If unknown, these parameters can be estimated
iteratively for a given dataset by using the method of expectation maximization. A description of
this method as well as further details of the SMAP classifier can be found in Bouman and
Shapiro [16].

The class conditional density functions, f,, ,, are actually computed recursively using a
fine-to-coarse scale recursion using the fact that the classification assignments are also Markov
going in the opposite scale direction. At the finest scale, we have used a smple Gaussian density
model,

I CARCEDEIN (I

However, our implementation is flexible enough to accommodate more robust models such as
Gaussian mixture or even non-Gaussian densities.

Figures 4.2 and 4.3 demonstrate the performance of this classifier on some 1-D synthetic
image data. In Figure 4.2, the six class conditional densities were chosen to be Gaussians with
equal variances and unequal means. The large degree of overlap between the classes makes the
conventional classification approach of using a discriminant or boundary function to decide
between the classes of little utility — hence the poor performance of the ML classifier. The
SMAP results at a few intermediate as well as the final n=0 scales are also shown. The
probability of correct classification was better than 85% for al six classes.

An even more stressing case is illustrated in Figure 4.3 where the class conditional
densities are modeled as overlapping Gaussians with equal means and unequal variances.
Almost amazingly, the SMAP classifier is able to discriminate between the various classes with
high accuracy. The worst probability of correct classification was 69% while al other classes
were determined with greater than 81% accuracy.

For applications such as terrain categorization, the spatial/spectra SMAP agorithm can
yield a more useful classification than a simple spectral-only based technique. Embedded in the
SMAP is a cost function designed to minimize the spatial size or extent of groups of
misclassified pixels. This leads to a less noisy classification where pixels are more naturally
aggregated into the appropriate class. For applications with highly overlapping classes, the
SMAP sdignificantly outperforms conventional discriminant function approaches. Many
hyperspectral data classes share a high degree of overlap, e.g. the vegetative classes, making it
very difficult to discriminate one from the other (e.g. remote sensing of illegal marijuana[17]).
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* UsesBoth Spectral and Spatial Information
» Bayesian Maximum A Posteriori (MAP)

Level n=2/"" 7 — Markov process in multiresolution scale!
/,’/ LN — Pixel classifications at lower scale determine prior,
RO iy f(x=K)
,/," B \/ » Cost Function Designed to Spatially Aggregate Pixels
// /\ // — Resultsin less noisy classification
/ | » Better Performance than Conventiona Techniques
i = (Max Likelihood) for Nearly Overlapping Classes

:f(y|x =k)f(x =k)
f(y) O

Xpap =g kgg@g(x :k|Y)

y = observed HS| data
x = Classification Assignment

Figure4.1: General Multi-Scale Concept of the Sequential MAP (SMAP) Classifier
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Figure 4.2: Performance of SMAP Classifier on 1-D synthetic Image Data. Classes are
Gaussians with Equal Variances and Unegqual Means
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Section 5: Example Results
5.1 HYDICE Washington, D.C. Mall SMAP Classification

The SMAP classifier was used on the Washington, D.C. Mall dataset collected by the
HYDICE sensor. As is the case with many of the datasets, no ground truth was available for
formal performance assessment. The classes chosen were based on user-defined in-scene
regions of interest (ROIs); library spectra could not be effectively used since this DC Mall
dataset came with no wavelength information and attempts to determine the wavelengths from
HYDICE sensor descriptions proved unsatisfactory. Thirteen different classes were defined
including 3 vegetative, 5 water, 4 building/man-made, and a shadow class. Each class was
modeled as a Gaussian random process; the mean spectral vector and spectral covariance matrix
were estimated from the given ROI data. Figure 5.1 shows the classification assignments
computed using the SMAP classifier for the entire dataset.

A comparison between the spatial/spectral SMAP results and those obtained from the
spectral-only Maximum Likelihood (ML) are shown in Figure 5.2. For TERCAT applications,
the SMAP result yields a preferable classification that is less noisy. The aggregation or
‘clumpiness of the SMAP class assignments is apparent in the figure. As expected, the ML
classifier readily intermingles/confuses classes that have a high degree of statistical overlap such
as stressed grass vs healthy grass. However, the ML classifier performance can match that of
the SMAP for highly separable classes.

Further detail on the SMAP classification is provided in Figure 5.3. Hereit isinteresting
to note that different water classes are distinguishable: deeper water in thetidal basin, silty water,
water in the ovate pond, and even water in the reflecting pool and the adjacent fountain. The
shadow class is aso evident along the sides of the buildings and along the tree lines.  Similar
results are shown in Figure 5.4 that spans the Capitol building and part of the Mall. This
classification can be useful for determining lines of communication (LOC application) as shown
in Figure 5.5 where the asphalt classis overlaid on the original data. Note that the hyperspectral
dataset allows us to classify the material present, not it’'s function; hence we cannot definitively
state that thisisthe ‘road’ class athough the correlation is clear.

As stated earlier, there is no formal way to assess the SMAP classification performance
since we have no ground truth knowledge other than our own personal familiarity with the DC
Mall area. Clearly, however, the results are consistent with our experience of the area. As an
interesting note, we discovered many little fountains in the scene as a result of the classification.
Figure 5.6 shows one such find in the center of the Hirschorn museum building, which does
indeed have afountain in the central courtyard. The 1 meter pixel panchromatic Ikonos satellite
image is shown as areference although it was taken at a much later time.
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Figure5.1: ‘True Color’ Image (above) and Classification Assignments (below) using the
SMAP Classifier for the Entire DC Mall HY DICE dataset

‘True Color’ Image Max Likelihood Classification SMAP Classification

Figure5.2: Comparison between the Results of the SMAP and Maximum Likelihood Classifier
for the Washington Monument Area
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Figure5.3: ‘True Color’ Image and Classification Assignments using the SMAP Classifier for
the Lincoln Memorial Area
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Figure5.4: ‘True Color’ Image and Classification Assignments using the SMAP Classifier for
the Capital Area
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Figure5.6: Detection of a Fountain at the Center of the Hirschorn Museum. An IKONOS
image of the same areais shown for reference
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5.2 AVIRIS Low Altitude Data Collection

This high quality and well calibrated hyperspectral data collection [18] provides an
optimal platform for evaluating our atmospheric compensation approaches. The HSI data was
acquired by the AVIRIS sensor during an east to west fly-over of the city and rural outskirts of
Pokomoke, MD just inland of Maryland’s Eastern Shore. The scene, with approximately 4 meter
pixel resolution, contains many distinguishable features such as the Pokomoke River, small
lakes, forests, fields, major highways, secondary roads, buildings, and bridges. In our analysis,
we focus on its Eastern-most portion, which includes all of these features. A ‘true-color’ image
of this scene is shown in Figure 5.7.

Figure5.7: ‘True-Color’ Image of the AVIRIS Low Altitude Data Collection over Pokomoke,
Maryland (North isto the left of the image)

Reflectance V ersus Radiance Domain Classification

We first perform a comparison between reflectance-based versus radiance-based
classification. For the former, the ACORN software (discussed in Section 3) is used to convert
the radiance datacube to a reflectance datacube. The resulting reflectances are then compared to
spectral libraries. The atmospheric parameters used by ACORN are derived from MODTRAN4
climatology. For the later, the reflectance spectra are converted to radiance spectra using the
Spectral Radiance Generator (also discussed in Section 3). These radiance spectra are then
compared to the original radiance datacube. For consistency with the ACORN run,
MODTRAN4 climatological parameters are used instead of any ancillary weather data. Since
we do not have specific Ground Truth for this data collection, six standard reflectance spectral
classes are chosen, namely ‘Green Vegetation’, ‘Dry Vegetation’, ‘Grassland Soil’, ‘River
Region of Interest’, ‘Concrete’, and *Asphalt’. The ‘River ROI’ isin fact the average of a group
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of in-scene river pixels from the resulting ACORN reflectance datacube. The reflectance
spectral libraries and the resulting radiance spectral libraries from the SRG are plotted in Figure
5.8. Note the well-known ‘red-edge’ in both the Reflectance and Radiance plots for the *Green
Veg' class, dueto its strong chlorophyll content.

To complete this comparison, we use a standard classifier called the Spectral Angle
Mapper (SAM). The SAM (as described in Section 4) determines spectral similarity between
library and data spectra by calculating their n-dimensional angle, where n is equal to the number
of bands. The SAM also requires a threshold angle to determine whether a pair of spectra are
classified asthe same or not. We use a threshold of 0.25 degrees radians for both the reflectance
and radiance spectra comparisons. If a particular pixel’s spectra does not match any of the
library spectra within the threshold, then the pixel is given an unknown classification.

The results of each classification are displayed in Figure 5.9. Aswe do not have detailed
Ground Truth, it is difficult to quantify the performance of each method. Qualitatively, though,
comparable class separability is achieved through both techniques. While ACORN is the highest
quality radiance to reflectance conversion software available, the Spectral Radiance Generator
approach significantly reduces the computational load of the conversion process without
sacrificing performance. Moreover, the SRG (as previously mentioned) allows for off-nadir
sensor viewing and MWIR/LWIR processing as well as VIS/NIR/SWIR processing.

More Comprehensive Radiance Domain Classification

Ideally, the SRG produces the most accurate ‘post data collection’ radiance spectra with
the use of radiosonde data. Unfortunately, there was no such data available from the NOAA
Forecast Systems Lab Web site back in 1996. The Air Force Combat Climatology Center
(AFCCC), though, was kind to provide us with climatological data for the precise location and
date of the AVIRIS data collection. The top row of Figure 5.10 shows plots of the pressure,
temperature, water vapor, and relative humidity profiles from the AFCCC. The bottom row of
Figure 5.10 shows plots of the associated ozone, aerosol, and cloud profiles from, again,
MODTRAN4 climalology. In addition to more accurate westher information, an expanded set of
spectral libraries are used. Specifically, the former ‘Green Veg' class is broken up into the two
classes‘Grass and ‘Tree', plus an eighth class ‘ Galvanized Steel’ is added.

The resulting radiance spectra are plotted in Figure 5.11. Note the similarity between the
‘Green’ and ‘Tree' spectra. The Spectra Angle Mapper is again employed, but with a slightly
wider threshold angle of 0.3 degrees radians. This causes the classification map to be more filled
in with a fewer number of ‘unknown class pixels. A larger number of misclassifications,
though, are also possible. The new classification result is presented in Figure 5.12, along with a
USGS Survey of the scene for qualitative comparison. The SAM does a reasonable job
separating forests from fields despite their spectral similarity. The other spectral classes are also
clearly separable. A zoom-in of the Pokomoke River Railroad Crossing is displayed in Figure
5.13 along with the associated ‘true-color’ image and USGS map. The railroad bridge surface,
while difficult to see in the ‘true-color’ image, is categorized as galvanized steel and asphalt in
the classification map.
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Figure 5.8: Reflectance and the Resulting Radiance Spectral Libraries from the SRG
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Reflectance Domain Classification

Radiance Domain Classfication

River Roi Asphalt  Unknown

Figure5.9: Comparison of Reflectance Versus Radiance Domain SAM Classification
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Figure5.10: Accurate Climatological Datafor the AVIRIS Low Altitude Data Collection
(courtesy of the AFCCC)

Figure5.11: Radiance Spectrafrom the SRG based on New Weather Data and Expanded
Spectral Libraries
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SAM Classification USGS Survey

Figure5.12: New Full Scene SAM Classification and USGS Survey for the AVIRIS Low
Altitude Data Collection
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‘True Color’ Image

SAM Classification

USGS Survey

Figure5.13: ‘True-Color’, SAM Classification, and USGS Survey for the Pokomoke River
Railroad Crossing
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5.3 HYDICE Desert Radiance-111 Data Collections (Unclassified Synopsis)

These high quality and exhaustive data collections [19], sponsored by the Hyperspectral
MASINT Support to Military Operations (HYMSMO) program, had numerous experimental
objectives. Of primary interest were spectral band comparison, multipixel and subpixel
detection, material ID, classification, discrimination, quantification of amount, terrain
categorization, high altitude and off-nadir viewing, and modeling and simulation
verification/comparison. As noted in Sections 2 and 3, a wealth of Ground Truth was collected,
where spectrometers or Cherry Pickers were taken into the field to produce custom spectral
reflectance libraries. We first wrote software to convert these libraries to the appropriate format
for input into the Spectral Radiance Generator.

Many flybys over both urban and desert terrain took place at multiple altitudes over
several days. Inour preliminary analysis, we focus on a low altitude desert terrain scene, which
contains a wide variety of desert vegetation, a dirt road, and two sites with man-made targets.
The natural classes in the scene include ‘Ironwood Tree', ‘Creosote Bush', ‘Snakeweed’, ‘Dry
Veg', and ‘Dirt/Sand’. The creation and specification of the two sites was sponsored by AFRL.
The site targets include multiple tanks (with two types of paint), an armored personnel carrier,
trucks, and artillery. Some of the targets are in the open and others are close to or partially
obstructed by trees or bushes. Ancillary diagrams are included which show the exact location
and orientation of the site targets and surrounding vegetation in the scene. Four classes are
defined, namely two for the tanks, one for the personnel carrier, and one for the trucks. A tenth
class, ‘Tire Tracks, is also added for completeness. Radiosonde data, included with the
hyperspectral data, is used to characterize the atmospheric parameters during the collection.

The Spectral Radiance Generator is again used to produce ten radiance spectra for this
scene. The Spectral Angle Mapper is employed for matching purposes. Due to the accurate
Ground Truth and atmospheric characterization, a low threshold angle can be used. The natural
‘Background’ classes are well identified and are grouped together in the resulting classification
map. The majority of pixelson the targets are also properly tagged. Select target pixels, though,
are not identified (i.e. left unclassified) while certain background pixels are misclassified as
targets.

Measures of performance for detection/classification results relate the percentage of
successful target ID to the number of false alarms. For our case, the number of false alarms were
low but not insignificant. The primary reason for missed target pixels and false alarms for this
scene is the same, namely shadowing from surrounding vegetation due to the low sun elevation
angle. Theillumination invariance of the SAM lends this method better than most, but the effect
of shadowing is not simply a lowering in amplitude of the spectra. It is demonstrated in Section
6 that the sky shine actually causes a shift towards blue in the shadowed target spectrum which
can cause shadowed targets to be misidentified or not detected at all.
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Section 6: Continuing Efforts

This FY01 IR&D project focussed on acquiring HSI datasets, spectral libraries, and
atmospheric compensation codes as well as developing classification algorithms for terrain
categorization. While TERCAT is an important SMO application, there is also an evolving need
for time-critical detection and identification of targets. We want to develop prototype software
for an HSI Time-Critical Target Detection System that would enable automated target detection
onboard satellite, aircraft, or UAV platforms. Such an operational system does not currently
exist and there are anumber of challenges that must first be met.

We have proposed a follow-on effort to explore the utility of hyperspectral datasets in
addressing this new SMO application. One of the more pressing challenges in this area involves
shadowed or partially obstructed targets, where most conventional spectral-based approaches
yield unacceptably high false alarm rates for even modest probabilities of detection. These areas
of research are discussed further in the following sections and have importance for both our DoD
and NASA sponsors.

6.1 Radiance Domain SM AP based on SAM classes

For both the AVIRIS Low Altitude Data Collection and the Desert Radiance-111 HY DICE
and SEABASS Experiments, we are applying the SMAP algorithm (discussed in Section 4) to
the initial classification results from the SAM method. The series of events in the processing
chain are to first project select reflectance spectral classes into the radiance domain using the
SRG. The SAM consequently performs an initial analysis producing a series of classes. A mean
Spectra and covariance matrix are computed for each initial grouping of pixels, which are then
fed into the SMAP classifier. Our belief is that the SMAP technique will be especially valuable
for the higher altitude collects from DR-11I, where the use of both spatial and spectral
information will provide the best results.

6.2  Near Real Time Target Detection and 1D Concept

It became increasingly clear this past year that we have the means to create a product for
time critical applications. While no operational hyperspectral system exists today, several
demonstration systems have been developed for various airborne and satellite platforms.
Historically, the entire datacube (commonly several Gigabytes of data) is downlinked and post-
processed on the ground. Currently, some onboard capability is being developed, but this is
largely confined to target detection in the radiance domain via anomaly detection processing.
Anomaly detection simply finds pixels that appear to be statistical outliers but makes no attempt
to identify the material(s) present in the pixel. Target identification must still be performed post-
collection on the ground since proper ID requires matching against the known target spectral
libraries.  This matching is commonly done in the reflectance domain and requires
computationally intensive atmospheric compensation processing to map the entire collected HSI
radiance datacube into a reflectance datacube.

Our operational concept is diagrammed in Figure 6.1. Weather forecast data is piped
preceding a data collection event to a mission planning Operations Center. There, reflectance
spectra associated with select targets of interest are projected into the radiance domain using the
weather predictions, sensor characteristics, and other specifics of the planned mission. These
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collection-specific radiance libraries are transmitted to the HSl sensor platform. Following the
actual data collection, the radiance datacube is processed on-board. This processing includes
only the target detection and classification routines, i.e. there is no need for any further
atmospheric compensation. The computation load on the on-board system is minimal. There is
also no need to transmit the entire the datacube back to the ground. Only the resulting maps
from the detection and identification methods are transmitted back to the Operations Center for
further decision making.

We are performing a series of simulations to evaluate the feasibility of this concept for
Support to Military Operations (SMO) applications. Specifically, UAVs and satellites are
optimal platforms for SMO Hyperspectral sensors. We are also investigating the utility of
cueing and fusing scenarios between HSI and other platform sensors such as Synthetic Aperature
Radars (SARS) in enhancing detection performance while reducing the false alarm rate.

Weather forecast Sensor Platform
data piped to OC Calibrated radiance
datacube processed
ﬂl on-board

Operations Center N
Collectlon -specific
radiance libraries

‘ transmitted

4
On-Board Processing ﬁ

Classificati_on = Tf_;\r_get = Targ(_at
Map transmitted Classification Detection
back to OC

Figure 6.1: Operational Concept of Platform-Based Hyperspectral Sensing for Near-Real Time
Target Detection and Identification

6.3  Shadeand Adjacency Modeling

To provide automated operational capability, we need to assure robust performance in the
presence of many noise sources including imperfect weather/atmospheric modeling, illumination
variations, as well as adjacency and occlusion effects. Significant improvements in the areas of
detection and identification of partialy obstructed and/or shadowed targets are required. We
intend to investigate the use of the multi-scale Bayesian spectral/spatial SMAP algorithm to
produce an efficient and robust methodology for target identification. This would first include
the incorporation of shade and adjacency effects in the target class descriptions of the at-sensor
Spectral radiance responses.
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The problem of shade should not be underestimated; at present, most classification
algorithms simply include a ‘shade’ class and lump all shaded pixels into it including the
shadows from trees and buildings - plus the tank that just happens to be parked in the shade.
Shade modeling mainly consists of assuming that the overall magnitude of the collected radiance
spectra diminishes; that is, it is just scaled back by some unknown constant. This is one reason
why the Spectral Angle Mapper, a classifier that ignores the spectral magnitude, purports to be
illumination invariant. However, a better physical model for shade incorporates two sources of
illumination, direct solar and indirect scattered ‘skyshine’. Depending on the degree of
shadiness, one or the other source may dominate. Hence the pixel is modeled as a linear
combination of two terms — each having the same material reflectivity but differing spectra
illumination sources. Asiswell known, atmospheric scattering induces a shift towards the blue
portion of the spectrum for the skyshine source compared with the direct solar illumination. This
blue-shift effect is quite apparent in the example normalized road spectra shown in Figure 6.2
below. We intend to investigate methods to incorporate this dual illumination source model into
our processing — most likely in the form of Gaussian mixture distributions for the target classes.

True Color Image Normalized Image Normalized Spectra

Road Full Sun
Road Partial Shade
Road Full Shade

Figure 6.2: Example of Spectral Radiance Dependency on Solar Illumination/Shade

6.4  Anomaly Detection Using SMAP

We also propose that our spectral/spatial multi-resolution SMAP classifier be augmented
to include distance metrics for use in anomaly detection. Subpixel anomaly detection was, in
fact, the application that Ashton was originaly investigating using his single scale Bayesian
MAP approach [15]. A major advantage of using the Bayesian classifier type of anomaly
detector rather than the purely statistically based method such as the R-X agorithm [20] is that
the background for the pixel is provided as the output of the classifier. Coupling this with new
processing such as Orthogona Subspace Projection filtering to suppress the known background
clutter, will enhance detection performance for partially occluded and/or subpixel targets.
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