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MW TMODAL IR 3D TARGET TRACKING BASED ON
NON-UNIFORM SAM AL ING

WANG SongWei, LIYan-Jun, ZHANG Ke
(College of A stronautics, Northwestern Polytechnical University, Xi’ an 710072, China)

Abstract: Aiming at the tracker failure problen induced by target pose changes during IR 3-D target tracking, amultimo-
dal method based on non-unifom samplingwaspresented Firstly, several prototype vievswere used © represent 3D tar-
get, the correponding prototype shapeswere regarded as themultimodal shgpe representation, and the transition p robability
matrix betveen these prototype shgpeswas established Then, under the frame of particle filtering, the reference target
modelswere defined as the log-polar trandomed prototype vievs gray distribution features By sampling the shape transi-
tion probability, the transfer and propagation of the sample’ s shgpe state were achieved The method mproves the robust-
nessof the tracker o target pose’ schange M earwhile, log-polar trandfom possessing the non-unifom sampling character-
istics can suppress target’ s scale and rotate deformation, and decrease the computation burdens Smulation results show
that the proposed method can track 3-D targets effectively.
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Fig 4 The tracking results of videos(1® row: video 1; 2% row: video 2)
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