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NOVHE. REGUL ARIZING FLTERINGM ETHOD FOR REAL -
TMEDETECTING IRDM SMALL MOVING TARGET

ZHANGBIi-Yin, ZHANG Tian-Xu, SANGNong, ZHANG Kun
( Institute for Pattem Recognition and A rtificial Intelligence, National L aboratory forM ultigpectral Information
Processing Technology, Huazhong U niversity of Science and Technology, W uhan 430074, China)

Abstract: The perfomances of detecting snall targets at low signal-to- noise ratio (SNR) decide the detection sensitivity
and effective ranging of a systan It isa leading key technique to indicate the ability of recognizing lov-observable target in
infrared (IR) imagery Adaptive background estimation method is an efficient avenue o camplete this task In this study
the clutter background prediction method was reduced © the optimization problems of inverse problen. Nev modelsof tar-
get/background in IR imageswere established, based on which a new filtering framework using regularization technology
waspresented, and then a novel aniotropic filtering method with the clutter-ramoval target-preserving’ regularization was
proposed Detailed theoretical analyses and experimental results show that thismethod can remove the clutter background
and smultaneously enhance the signal of interest in one processing step, and its computing complexity is very little, and it
can al® provide good filtering results and adgptability o IR targetswith strong clutter background; moreover, its logical
structure is smple © be mplenented in real-tme systan.
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Table1l The performance canparisons of the algor ithms in different clutter
Filters .
nages W iener LMR RegAF
Na Tsize SCRin ISCR BSF EST(9 ISCR BSF ISCR BSF EST(9
Al 3x3 1 515 7. 781 2 926 0 040 9 203 2 954 10 967 3 156 Q0 012
B1 2x2 0 985 1 414 3 084 0 045 1 550 2 931 2 688 4 467 Q0 012
Cl 1x1 1 560 6900 2 402 0 040 6908 2 105 16 521 3 476 0 012
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Fig 6 Perfomance comparion of LMR and the proposed RegA F
(al) the first frame of the image sequence (a2) the added target
trajectory  (a3) The 3D view of (a2) (bl) the first frane of the
LMR’ sfiltered results (b2) the results of LMR’s filtered results
projecting on t-coordinate  (b3) segmented result of (b2), the
segnenting threshold equals 0 180  (cl) the first frane of RegAF's
filtered results (c2) the results of RegA F's filtered results project-
ing on t-coordinate  (c3) segnented result of (c2) the segmenting
threshold equals to 90
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