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Joint Blind Unmixing and Sparse Representation for Anomaly

Detection in Hyperspectral Image

HUANG Yuancheng' ZHONG Yanfei* ZHAO Yehe! ZHU Weiheng'

1 College of Geomatics,Xi”an University of Science and Technology, Xi’an 710054 ,China
2 State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing,

Wuhan University, Wuhan 430079, China

Abstract: Anomaly target detection is an important issue in hyperspectral remote sensing, however,
how to model the background is a most difficult problem. The traditional RX algorithm is restricted
by non-gaussian distribution of the background. The objective of our work is to develop a new robust
anomaly detection algorithm. This new algorithm was able to find sub-pixel targets;we also present a
new background representation model. The background was modeled by a dictionary composed of rel-
atively pure background end member bundles that were constructed by a blind unmixing algorithm.
Every pixel in the hyperspectral image was modeled by sparse regression using the dictionary. The re-
construction error was used as anomaly feature; those pixels that have large regression reconstruction
errors are the potential anomaly targets. Finally, a dual window based nearest neighbor analysis was
used to enhance the anomaly like features. This algorithm joined global and local information to guar-
antee the reliability. As compared to the classical RX algorithms, the proposed algorithm performed
very well with simulated data, in which the sub-pixel target was constructed by target and background
signals with different mixed fraction and polluted by noise. Two real data experiments also confirmed
the effectiveness.

Key words: anomaly detection; sparse representation; hyperspectral image; reconstruction error ,nea-

rest neighbor analysis
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