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Mixing ModelsMixing ModelsMixing ModelsMixing Models
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Linear Mixing Model: Linear Mixing Model: 
Standard for Land Surface Standard for Land Surface 

F.D. van der Meer and S.M. de Jong, eds., Imaging Spectroscopy,2003
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BackgroundBackground‐‐Unmixing in HSIUnmixing in HSIBackgroundBackground Unmixing in HSIUnmixing in HSI
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where
N is the number of pixels in the image 
P i  th  b  f d b

Challenge -- to estimate both A and S, given X

P is the number of endmembers
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Standard Standard UnmixingUnmixing usingusing
a Multistage Approacha Multistage Approach

Number  of Number  of 
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•Linear dimension 
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Previous WorkPrevious Work:: UnmixingUnmixing ApproachesApproachesPrevious WorkPrevious Work: : UnmixingUnmixing ApproachesApproaches

• Two Stage 
– Endmember determination 

• Supervised or unsupervised

– Abundance Estimation

• Single Stage
– Estimating endmembers and abundances 
together by solving an optimization problem.

• Unsupervised
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Endmembers, S, and their abundances, A, 
are extracted simultaneously from the data 
by solving this optimization problem.



Positive Matrix Factorization: Positive Matrix Factorization: 
DefinitionDefinition

• Given a nonnegative matrix  
– find a positive integer P < min{M, N}, and 

nonnegative matrices and such

NM ×ℜ∈X

PM ×ℜ∈S NP×ℜ∈A– nonnegative matrices                  and                            such 
that 

SAX =

ℜ∈S Nℜ∈A

• Approximated PMF

SAX =

SAX ≈
Unsupervised unmixing is a constrained  PMF problem 
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Number of EndmembersNumber of EndmembersNumber of EndmembersNumber of Endmembers

• Cumulative  Percentage of Total Variation
⎞⎛ CVP̂

⎟⎟
⎟
⎟
⎟

⎠

⎞

⎜⎜
⎜
⎜
⎜

⎝

⎛

×=

∑

∑
=

M

i

CVP

i
i

Var 1100%
λ

λ

• Continuous Significant Dimension
⎟
⎠

⎜
⎝ =i 1

M

∑=
M

jCSDP )1,min(ˆ λ
=j 1



Number of EndmembersNumber of EndmembersNumber of EndmembersNumber of Endmembers

• Size of  Variance   (Kaiser‐Guttman)

Correlation matrix eigenvalues are used



InitializationInitializationInitializationInitialization

• Singular Value Subset Selection (SVDSS)

Selects the most independent pixels in the image.

(Masalmah07 )



GaussGauss‐‐Seidel MethodSeidel MethodGaussGauss Seidel MethodSeidel Method
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Each sub problem is a linear problem
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Stopping CriteriaStopping CriteriaStopping CriteriaStopping Criteria

• Maximum Iteration

l d ff• Solution successive iteration difference
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Experimental ResultsExperimental Results



Simulated DataSimulated Data ‐‐CubeCubeSimulated Data Simulated Data  CubeCube
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Quality of Estimates Metrics Quality of Estimates Metrics 
(For Simulated Data Only)(For Simulated Data Only)

• Percentage Error of Euclidean Distance 
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Measure of Fit MetricsMeasure of Fit MetricsMeasure of Fit MetricsMeasure of Fit Metrics

• Sample Correlation (R‐squared)
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ResultsResults‐‐ Cube Simulated DataCube Simulated Data
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ResultsResults‐‐Real data Real data 
( f)( f)(Enrique Reef)(Enrique Reef)
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ConclusionsConclusionsConclusionsConclusions

• The developed algorithm solved the unsupervised 
unmixing problem.

• Results obtained from simulated data agree 
completely with the known results. 

R lt bt i d f l d t b tt th• Results obtained from real data were better than 
other known approaches.

• The developed algorithms were applied to different• The developed  algorithms were applied to different 
data sets.
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