B 4T B 3 Xt F % M Vol.47 No.3
2018 4 3 A ACTA PHOTONICA SINICA March 2018

doi:10.3788/gzxb20184703.0310002

BT A KB 7 E 29 SRR GURE 9 o i Y
=G 1 E R IR & Boc e ik

TR
(1 R B REM 2 RS AT . WIE JT & 475001)
(2 TR RS I A BUAC I 28 BOR SER R bty RS JFEF 475001

H EHASOGABERARTAAESEARESLERE NG RETHAERCEEY R FE L
NAE G SEHE  fE 0 B AR S AL R AR RS e — 29 R ey R RY L A R BCHE A AR AR ) oY U AT 4%
M, BRI AR LR ENEAR TR S BE ARG RERBE R ARERBOHEE
SU, RS PAE RN, BT ERATRE PTG ERT KEL I L. S EE
Befo AR EABRBEITRE TN R T RGN EE EHREARRATRE  EREAN AL ETAH
oM & b id ik & B R AT,
KB . SR E BRI B SM  @ LT R R
FEDES . TP751.1 Xk HRINED : A XEHS:1004-4213(2018)03-0310002-9

Mixed Data Analysis Algorithm Based on Maximum Overall Coverage
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Abstract: In order to analyze hyperspectral images consisted of highly mixed pixels, a new endmembers
overall coverage constraint was proposed and introduced in objective function of nonnegative matrix
factorization, which forcely maximizes the number of pixels contained in the simplex constructed by
endmembers using data geometrical properties in the feature space while satisfies data nonnegative and
abundance sum-to-one constraint simultaneously. In the maximum overall coverage constraint
nonnegative matrix factorization algorithm, the dimensionality reduction process is prevented to preserve
the physical meaning of the source image and multiplicative update rules are applied to avoid stepsize
selection problem occurred in traditional gradient-based optimization algorithm frequently. To evaluate
the accuracy of endmembers extraction, the performance and robustness, experiments are designed on
synthetic and real images. The results demonstrate that the proposed algorithm is an effective method to
analyze mixed data in hyperspectral image.
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Fig.3 Comparison of endmember spectra extracted by different algorithms
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