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Abstract: Aiming at the problem that the target tracking algorithm based on Bayesian filter model
relies heavily on prior knowledge and the tracking performance degrades in complex scenarios, a
hybrid-driven maneuvering target tracking algorithm based on neural process and motion model
was proposed. Firstly, a stochastic differential equation of target motion was constructed by u-
sing neural network to improve the modeling ability of target motion. Secondly, the acceleration
model was used as the differential equation of the domain knowledge constraint target state to
construct a hybrid-driven decoder. Finally, the decoding module of the neural process was re-
placed by the hybrid-driven decoder to form an unsupervised learning hybrid-driven filter. The
simulation results show that the proposed algorithm has the advantages of both data-driven and
model-driven algorithms. It relies less on prior knowledge and can maintain stable tracking accu-
racy in a variety of scenarios. The generated trajectory is smoother and has more target dynamic
characteristics than the neural process filter. Compared with the classical Bayesian filter, the

state estimation peak error of the proposed algorithm is reduced by 20% on average.
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Fig. 1 Structure diagram of the hybrid-driven neural process filter
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Fig. 3 Tracking RMSE comparison in scenario 1
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Table 3 Tracking accuracy comparison in scenario 1
. v BB AR 7 ¥ VA AL 35 7 AR TR 3 7 A TR U {1 35 7 A U
Bk . . . - ) - LA E] /s
R2E/m 25 /m W2/ (mes ) WZE/(mes )
HDF-NP 54. 288 2 75.713 1 42.855 0 72.488 3 1.028
LSF 52.696 9 60. 883 7 47.375 6 87.271 0 0. 056
CS 50. 899 8 113.568 0 38.396 8 127.131 0 0.121
IMM 49.197 7 98.123 1 34.619 6 99.557 5 0.761

http: // zkxb. xjtu. edu. cn




5 4 R 5 R SRR A B30 B WL BB 0k 159
18 . BH o, = 1m’, #47 200 WS4 KU LK 153
il

y/km

5 10 15 20 25 30
x/km
@k
11.5
I
1o —
=== HD-NPF

y/km

x/km
Ch) Al T 280038 Jm 8 e KR
K4 s LA BLEXT L

Fig. 4 Comparison of estimated trajectories for scenario 1
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Table 4 Tracking accuracy comparison in scenario 2
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HDF-NP 143.431 338.509 160. 681 371.938
LSF 115.859  152. 888 155. 762 298. 784
CS 252.975  732.794 277.853 709.117
IMM  304.531 770.584 293.927 758.737
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