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ABSTRACT: To further improve the accuracy of anomaly target detection for hyperspectral
graghs, an anomaly target detection method based on Laplacian matrix graph was proposed.
First, by constructing a full-connection graph and a nearest neighbor matrix obtained by the
Gaussian kernel function, the method connected the information fusion between different bands of
hyperspectral data, and jointly processed the position and spectral information of the anomaly tar-

get in hyperspectral graphs. Second, by utilizing the Fourier transform and Laplacian matrix of
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the graph, the total variation in the graph signal was used as an evaluation function to determine

the anomaly target. Accordingly, the accurate detection of anomaly target pixels was realized si—

multaneously, the matrix inversion calculation in the conventional detection algorithms was avoid—

ed and complexity of the algorithm was reduced. Finally, the proposed algorithm was validated

on five hyperspectral data sets commonly used for anomaly detection: AVIRIS-I, AVIRIS-II,
ABU-urban-2, ABU-urban—4, and EI Segundo. The experimental results showed that the AUC

values and the ROC curves of the proposed algorithm on the five data sets for anomaly target de-

tection outperform other algorithms, indicating that this method has advantage in detection accu-

racy.
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