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Clutter suppression based on adaptive subspace reconstruction
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(1. Institute of the Third Academy, China Aerospace Science and Industry Corporation, Beijing 100074 ,China;
2. Institute of Image Processing and Pattern Recognition, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: To suppress clutter in infrared image, a novel clutter suppression method based on adaptive subspace construc-
tion is proposed. An over-complete dictionary for modeling target is learned based on the sparse coding theory at first. Then
the image patch is extracted from the test image in order . Representation coefficients are computed according to the diction-
ary. According to the difference in the representation coefficients of the target patch and the background patch in sparse do-
main, adaptive subspace is generated to reconstruct the image patch. Thus a residual image between original image patch

and reconstructed patch is obtained. The experiment results show that the residual image obtained by the proposed method

can effectively suppress background clutter and significantly improve signal-to-noise ratio of the infrared image.
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Fig.1 (a) The initialization of overcomplete dictionary (b) A
part of the learned overcomplete dictionary
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Fig.2 The representation coefficients of the target patch and
the background patch
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Fig. 4 The results of different algorithms; (a)original infrared
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Table 1 The vaules of all evaluation indexes
LSCR LSCRG
Target M-Med Top-Hat TDLMS PCA Proposed M-Med Top-Hat TDLMS PCA proposed
1 9.4978 9.6102 7.1631 6.6929 121.6874 1.6133 1.6324 1.2167 1.1368 20. 6695
2 10.3119 10.9997 7.2815 2.4593 229. 0586 2.0371 2.1730 1.4385 0. 4858 45.2510
3 10.3119 10.3050 6.8375 5.6345 303. 0255 2.0371 2.0358 1.3508 1.1131 59.8633
4 10. 0406 9.7839 6.9559 5.0742 263. 6560 1. 6665 1.6239 1.1545 0.8422 43.7615
5 9.7692 9.2629 6.5711 4.0780 279.1652 2.0766 1.9690 1.3968 0. 8669 59.3423
6 10.1763 11.3470 7.2815 6.0080 277.9722 1.9067 2.1261 1.3643 1.1257 52.0833
7 11.1261 11.1734 7.1927 3.7356 215.9355 1.7975 1.8051 1.1620 0.6035 34. 8851
8 11.5331 11.5207 7.3407 5.0742 204. 0053 1. 8550 1.8530 1.1807 0.8161 32.8120
9 9.9049 10. 6523 6.8967 6.0392 304.2185 1.6746 1.8010 1. 1660 1.0210 51.4335
10 11.1261 12.0418 7.5479 3.8290 294.6744 1.7137 1.8547 1.1626 0.5898 45.3868
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