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Nonnegative Matrix Factorization (NMF)

PART | — Application-oriented aspects

I Sec. 1: Applications of NMF

I Data analysis: blind hyperspectral image unmixing, image
feature extraction, topic modeling, audio source separation

I Statistical machine learning: crowdsourcing, joint probability
estimation, Hidden Markov models, and community detection.

I Sec. 2: NMF Algorithms

I MU
I Nonconvex Optimization
I Non-Euclidean cost

PART Il — Theoretical aspects : understanding NMF, and using
NMF meaningfully
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find W 2 RP*"and H 2 R"*" such that
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NMF is a linear dimensionality reduction technique :

Why nonnegativity?
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Blind hyperspectral unmixing
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Figure 1: Urban hyperspectral image, 162 spectral bands and 307-by-307 pixels.

Problem. Identify the materials and classify the pixels.



Linear mixing model
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Linear mixing model
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Blind hyperspectral unmixing with NMF
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Blind hyperspectral unmixing with NMF
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Spectral signatures of each consitutive material

I Basis elements recover the different endmembers: W 0:



Blind hyperspectral unmixing with NMF
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Abundances of constitutive

I Basis elements recover the different endmembers: W

I Abundances of the endmembers in each pixel: H
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Urban hyperspectral image
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Urban hyperspectral image
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Figure 2: Decomposition of the Urban dataset.



Urban hyperspectral image
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Figure 2: Decomposition of the Urban dataset.
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