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Outline

A Obiject Identification from Spectral Data
A Features-Based Clustering & Classification

A Nonnegativity Constrained Low-Rank Approximation for
Blind Source Separation and Unsupervised Unmixing
(ll-posed, nonlinear inverse problem)

A Nonnegative Matrix Factorization (NMF)

A Results using Air Force data from Maui and data from K.
Abercromby at NASA JSC

A Preliminary Results on using Perron-Frobenius Theory to
Compress Hyperspectral Sensor Data

A Comments on Nonnegative Tensor Factorization (NTF) for
Image data (see poster by Christos Boutsidis)
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Simple Analog lllustration

Hidden Components in Light T Separated by a Prism

From Newton’s Notebook

Our purpose 1 finding hidden components by  data analysis




Blind Source Separation for
Finding Hidden Components (Endmembers)

Mixing of Sources
é basic physics often leads to linear mixingé

X = [X,X,, € ,X,] T column vectors (1-D spectral scans)

Approximately factor
X o WH=4/wl+ hi)

* denotes outer product

w! isjth col of W, hlis jth col of HT

sensor readings (mixed components I observed data)
separated components (feature basis matrix, unknown, low rank)

hidden mixing coefficients (unknown), replaced later with
abundances of materials that make up the object.
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A NMF Allows only additive, not subtractive combinations of
the original data, in comparison to orthogonal
decomposition methods, e.g. PCA.

A Used by Lee and Seung (MIT) in Nature, 1999, in
biometrics, preceded and followed by numerous papers
related to applications.

A Matlab Toolbox: NMFLAB, http://www.bsp.brain.riken.jp/

A Historical perspective:

Problem 73-14, Rank Factorization of Nonnegative
Matrices, by A. Berman and R.J. Ple., SIAM Review 15
(1973), p. 655: (Also in Berman/Ple. book)




Some General A

D

plications of NMF Techniques

Email surveillance

o o Do To Po Io Do Do Do Io

Source separation in acoustics, speech, video

EEG in Medicine, electric potentials

Spectroscopy in chemistry

Molecular pattern discovery - genomics

Thermal nondestructive testing - aircraft and missile parts

Document clustering in text data mining
Atmospheric pollution source identification

Hyperspectral sensor data compression
Spectroscopy for space applications T spectral data mining

I Identifying object surface materials and substances




Space Object Identification and Characterization from
Spectral Reflectance Data

More than 15,000 known objects in orbit: various types of military and
commercial satellites, rocket bodies, residual parts, and debris i need for
space object database mining, object identification, clustering, classification, etc.



Maul Space
Surveillance Site
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o Satellite Pass P




Imaging Sciences for Space Situational Awareness
by Monitoring Space Satellites (AFOSR)

A d.istend(laser enabled vibrometry)
A ®melld(chemical sensing with spectrometer)

A droucho(scatterometry/polarimetry for surface texture
Information)

A Beed(by sequential speckle <video>imaging)

A &haracterize materialsd(spectral imaging)
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The creation and observation of a reflectance spectrum

Satellite
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Spectral Imaging of Space Objects

A Current foperationaldcapability for spectral
Imaging of space objects

A Panchromatic images

A Non-imaging spectra
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Spectral Imaging of Space Objects

A Why look at anything spectrally?

I Simple answer: Color vs. Black and white
I More involved answer: Spectral radiometry

A For space objects were looking at being able to:

I Differentiate between
different material classes

I Material degradation

I ldentify hidden payloads

I Anomaly resolution
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Overview of the SOI Problem

A Space activities require accurate information about
orbiting objects for space situational awareness

A Many objects are either in
I Geosynchronous orbits (about 40,000 KM from earth), or

I Near-Earth orbits, but too small (e.g., space mines) to be
resolved by optical imaging systems

I Can approximately collect one pixel/object by optical telescope
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Overview of the SOI Problem Continued

Problem solution by learning the parts of objects (hidden components)
by low rank nonnegative sparse representation

Basis representation (dimension reduction) can enable near real-time
object (target) recognition, object class clustering , and
characterization. (ill-posed inverse problem)

Match recovered hidden components _with known spectral signatures
from substances such as mylar, aluminum, white paint, kapton, and
solar panel materials, etc. This is classification.

Fundamental difficulty: Find from spectral measurements:
I Endmembers: types of constituent materials
I Fractional abundances: proportion of materials that comprise the object.

17



Approximate NMF

A Utilize constraint that sensor data values in X are nonnegative

A Apply non- negativity constrained low rank approximation for blind
source separation, dimension reduction and unsupervised unmixing

A Low rank approximation to data matrix X :
X% WH WOO0 HOO

U Columns of W are initial basis vectors for spectral trace database,
may want smoothness and statistical independence in W.

U Columns of H represent mixing coefficients, desire statistical
sparsity in H to force essential uniqgueness in W. May want

sparsity for H.
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Some of our Data Obtained from a Spica (Space Infrared
Telescope for Cosmology and Astrophysics) Spectrometer
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A Mission: Support non-
Imaging SOI with
spectroscopic
observations

A 37 4 angstrom resolution

A Blue mode: 3000 7 6000
angstroms (.3 T .6 nm)

A Red mode: 6000 i 9000
angstroms (.6 T .9 nm)

A Located on Maui
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