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Abstract

This article focuses on the problem of low positioning accuracy and poor environmental percep-
tion performance of mobile robots in complex environments. It conducts key technical research
on hierarchical fusion of robot pose information and environment perception information based
on IMU and GPS for detecting the robot’s own pose information, as well as laser radar and 3D camera
for sensing environmental information. In the pose information fusion layer, particle swarm op-
timization algorithm is used to optimize BP neural network. Unbiased Kalman filtering with im-
proved unscented Kalman filter is implemented to achieve INS-GPS loosely coupled navigation,
reducing biases and noise from INS component IMU. Additionally, a trained neural network is uti-
lized to output prediction information for error correction of inertial navigation system when GPS
signal loss occurs, providing more accurate velocity and coordinate information as absolute posi-
tion constraints. In the environment perception fusion layer, compensated IMU pre-integration mea-
surements are fused with visual odometry and lidar odometry separately at a secondary level. This
enables real-time precise localization of the robot and finer construction of environmental maps.
Finally, real collected trajectories are used to validate the algorithm for two-level fusion of mul-
ti-sensor information. Experimental results show that this algorithm improves both positioning
accuracy and environmental perception performance of the robot. The maximum error between
robot motion trajectory and original true trajectory is 1.46 m units, while the minimum error is
0.04 m units with an average error of 0.60 m units.
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Figure 1. System structure drawing
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Figure 2. Combined positioning and navigation structure diagram
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Figure 3. Improved flow chart of neural network algorithm for particle swarm optimization
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Figure 4. The learning and prediction process of neural networks
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Figure 5. Block diagram of vision + laser fusion positioning and environment sensing system
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Figure 6. Flow chart of multi-level fusion
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H (mean) 254 H48h5. 205 B KR ZE M 10.360967 m [£KF 1.455266 m, “Fi4i%ZE M 1.968058 m [i%
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m, 337717 7% M 2.801205 m [EKE] 0.689174 m, %2 F- 75 FIM 2879.756613 m [£IK 2] 261.703415 m, 45
#HEZE M 1.993363 m [£1ICF] 0.338860 m. X L&l K1/ D Ui I T RGAEAL L AR ZE T H B SUHRBUR, =
W T SRR B R G R R A R

Table 1. Comparison of absolute attitude error data before and after improvement

= 1. UHRIERNENETIRERIEXTLL

Max Mean Median Min Rmse Sse Std
et Rl 1.525584 0.705407 0.495123 0.080440 0.774490 287.756613 0.473363
ot s 1.455266 0.600112 0.483278 0.040534 0.689174 261.703415 0.338860
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