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Abstract: In the traditional Multiple Hypothesis Tracker(MHT) algorithm, it is usually assumed that
the clutter intensity is known a priori. When the clutter of observation scene is unknown and spatially
variable, the performance of the tracking algorithm drops sharply. To solve this problem, an improved
MHT method with clutter estimation based on adaptive Gaussian Mixture Model(GMM) is proposed.
Firstly, the adaptive GMM is utilized to fit the spatial distribution of unknown clutter, and the clutter
intensity in the gate is estimated adaptively. Then, it is applied to the MHT tracker to effectively improve
the accuracy of track score calculation and optimal hypothetical track estimation, so as to realize stable
tracking in unknown clutter scene. Simulation results show that the proposed algorithm achieves better
data association accuracy and track maintenance performance than the standard MHT algorithm and the
MHT-GMM algorithm in unknown clutter observation scene.
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Table3 Performance metrics of three algorithms

algorithm R R R, T./s L../s L./s L /s
MHT 0.890 2 0.005 6 0.0350 0.609 0 38.86 59.34 76.36
MHT-GMM 0.930 1 0.004 0 0.040 0 1.038 7 36.76 61.94 79.12
MHT-AGMM 0.970 3 0.002 8 0.020 0 0.936 5 47.90 64.44 79.40
MET mtl'e ted result:
OSPA % T estimated results
100 = ———-std
i ——— MHT £3 s .
90 3 —— MHT-GMM § o= ‘ . ‘ | | | L——{
\ —*— MHT-AGMM 10 20 30 40 50 60 70 80 90
g MHT-GMM
(=]
w Z
b =
o 837
Il 'g
2 30 . . . . | | ‘ .
= 10 20 30 40 50 60 70 80 90
Z MHT-AGMM
=
EE :
g 0 ’.-}"""’I" ] .- | | | | | [
. 10 20 30 40 50 60 70 80 90
frame time/s 1ls

Fig.5 OSPA distance of three algorithms Fig.6 Cardinality estimation of three algorithms
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