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Research on adaptive PF-SLAM method based on variational Bayesian
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Abstract: To address the time-varying observation noise and particle position distribution on simultaneous localization and mapping
(SLAM) accuracy in particle filter SLAM ( PF-SLAM) for simultaneous localization and mapping of mobile robots, this article proposes
an adaptive PF-SLAM algorithm based on variational Bayes, which adopts a Gaussian mixture model to formulate the time-varying
observation noise and iteratively estimates the unknown parameters in the mixture model by using a variational Bayesian method.
Meanwhile, the particles are divided into fixed particles and optimized particles according to the particle weights, and the particle
positions are adjusted by the topological position distribution relationship between two particles, which handle the time-varying
observation noise and optimize the particle position distribution. In this way, the optimized particle set could represent the robot position
probability distribution and realize the adaptive observation noise and particle position distribution. Compared with the traditional PF-
SLAM algorithm, simulation results show that the positioning and map building error of this algorithm is reduced by 76. 45% . Compared
with the traditional PF-SLAM algorithm, the actual experiments show that the environmental contour error of this algorithm is reduced by
61.87%. It effectively improves the state estimation accuracy of mobile robot and provides a new reference for mobile robot real-time
positioning and map construction.

Keywords : adaptive particle filter; variable Bayes; simultaneous localization and mapping; ultrasonic testing technology
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F1 AMEZENHETILER(Q=10,initvar=1)
Table 1 Simulation comparison results of the four algorithms ( Q=10,initvar=1)
RMSE B F /s
PF PSO-PF BAT-PF APF PF PSO-PF BAT-PF APF
Ngi =20, Q=10,initvar=1 8.414 9 8.366 7 7.957 5 7.624 3 0.224 8 0.2399 0.347 1 0.2223
Ny =30, Q=10, initvar =1 8.006 9 7.856 3 7.495 4 6.899 6 0.2223 0.242 3 0.378 8 0.229 2
N¢y =40, Q=10,initvar=1 7.700 4 7.295 7 7.058 4 6.516 1 0.224 8 0.249 5 0.408 9 0.224 1
N¢i =50, Q=10,iniwar=1 7.065 7 6.797 5 6.769 5 6.251 0 0.227 3 0.257 3 0.444 4 0.229 6
Ngy =100, Q=10 initvar=1 6.416 2 6.261 1 6.0249 5.519 3 0.239 1 0.289 2 0.596 0 0.247 7
K2 ATWMEENHENILER (Q=5,initvar=1)
Table 2 Simulation comparison results of the four algorithms ( Q=5,initvar=1)
RMSE JEBmE]/ s
S8
PF PSO-PF BAT-PF APF PF PSO-PF BAT-PF APF
N¢y =20, Q=5,initvar=1 8.401 5 7.657 8 7.467 1 6.963 2 0.225 1 0.238 6 0.341 4 0.2255
Ny =30, Q=5 initvar =1 7.740 4 6.996 6 7.146 3 6.181 4 0.2210 0.243 9 0.378 6 0.2218
Ngy =40, Q=5,initvar=1 7.375 8 6.683 6 6.535 8 5.765 2 0.226 1 0.2517 0.4152 0.2333
Ny =50, Q=5 initvar=1 6.977 2 6.279 2 5.849 8 5.348 9 0.2256 0.259 7 0.443 2 0.233 7
N¢y =100, Q=5 initvar=1 6.136 6 5.827 8 5.198 6 4.713 6 0.2310 0.293 6 0.590 4 0.2450
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Table 3 Comparison of wall profile reconstruction results of three algorithms

HYHME PF-SLAM VB-PF-SLAM VB-APF-SLAM
i) Rho(p) Theta(6) % AT Rho(p) Theta(8) % T Rho(p) Theta(8) %I Rho(p) Theta(6)
1 60.000 0 270.000 0 1 59.9222  270.2123 1 59.9222  270.2123 1 59.9222  270.212 3
2 207.8460  330.0000 2 202.0405 328.2335 2 203.9214 328.7175 2 205.7320 323.1308
3 300.0000  360.000 0 3 294.5326  348.556 4 3 296.3135  352.765 1 3 298.4315 357.392 4
4 3530600  30.000 0 4 343.5915 30. 898 4 4 348.2502 30.519 0 4 350.757 1 29.740 0
5 263.8200  90.0000 5 280.8807 90. 950 0 5 271.3800  90.642 7 5 266.3920  90.320 1
6  144.8530  144.0000 6  139.8205 147.190 5 6  140.3928  146.2910 6  146.2816 145.5306
7 60.000 0 180.000 0 7 68.849 4  175.588 6 7 65.3714  176.350 5 7 62.3560  181.159 0
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Table 4 Comparison of wall profile reconstruction results of three algorithms
N . PF PF VB-PF VB-PF VB-APF VB-APF
Fi i A N s AN o o pi s
HAhHE HRRE HEAETHE kiR A THE kiR
x 60. 000 0 58.578 2 1.421 8 59.368 5 0.6315 59.690 7 0.309 4
1 y 60. 000 0 58.196 3 1.803 7 58.990 1 1.009 9 59.270 5 0.729 5
R 10. 634 6 11.964 3 1.3297 11.126 9 0.490 5 10.392 3 0.2423
x 180. 000 0 183.021 6 3.0216 182.498 5 2.498 5 181.390 0 1.390 0
2 y 120. 000 0 118. 157 6 1.842 4 118.928 5 1.0715 119. 3533 0.646 7
R 14.444 0 15. 762 4 1.318 4 15. 339 1 0.895 1 14.990 4 0.546 4
c_1 1.518 4 c_1 0.710 6 c_1 0.427 1
R 22
c2 2.060 8 c2 1.488 3 c2 0.8610
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