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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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