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Hyperspectral anomaly detection using low-rank
representation and learned dictionary
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Abstract. This paper proposes an anomaly detection method based on low-rank representation and learn-
ed dictionary for hyperspectral imagery. The model of low-rank representation, which fits the linear
mixing model of hyperspectral imagery more precisely compared with other low-rank decomposition al-
gorithms such as robust principle component analysis (RPCA) , was introduced to settle the anomaly
detection problem for hyperspectral imagery. To improve its robustness to initialized parameters, a
learned dictionary that represents only background information was adopted in the proposed method.
Experiments on synthetic and real hyperspectral datasets illustrated that the proposed method is capable
of improving detection results. Meanwhile, it is robust to initialized parameters and can be viewed as
an effective technique to detect anomalies in hyperspectral imagery.

Key words:; Hyperspectral imagery ; anomaly detection ; low-rank matrix decomposition ; low-rank repre-
sentation ; learned dictionary
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Fig. 12 ROC under complex background (a)
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Table 3 AUC and execution time of different methods
R LRRD GRX CRD RPCA  LRaSMD
AUC 0.9988 0.9872 0.9961 0.9793
B (s) 15.67 0.87 33.23 6.53 18.81
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Fig. 13 HYDICE dataset (a) RGB composite (55, 31, 22),
(b) region of interest, (c) ground-truth
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Fig. 14  Detection results of HYDICE dataset (a) 2-D dis-
play, (b) binary results
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