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Spectral matched filter (SMF)®
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Centered observation data”

Adaptive subspace detector (ASD)"
Constrained energy minimization (CEM)*
Collaborative representation (CR)®
Sparse representation (SR)”
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Fully connected (FC)"

Guided filter”

GAN for Hyperspectral anomaly detection (HAD) (HADGAN)*
Adversarial latent discriminator®

Residual map”

Siamese fully connected based target detector (SFCTD)"
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