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Abstract: Based on the rapid development of deep learning, semantic information has gradually become a research
hotspot in the field of SLAM (Simultaneous Location and Mapping). Due to the noise problem caused by the
environment and the sensor, there are some abnormal points in the semantic map constructed by most existing
semantic SLAM algorithms, which results in the lack of consistency of the constructed semantic maps and affect the
accuracy of the algorithms. The loss function can adjust the weights assigned to the outliers, thereby suppressing
the existence of the outliers. However, the model of loss function used by most semantic SLAM algorithms is fixed
and cannot adapt well to changes in ambient noise. To solve this problem, a robust lidar semantic SLAM algorithm
with variable structure is proposed. which uses Gaussian mixture correntropy weight function as the loss function,
called VS-SLLAM. It uses the characteristics of the model structure that can be adjusted by adjusting the parameters

and changed with the surrounding environmental noise to fit the noise distribution to the greatest extent, which is
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more conducive to reducing the weight of the algorithm for outliers and improving robustness to the outliers.

Experiments on the open KITTI dataset show that the average relative translation error and rotation error are

reduced by 5. 36% and 8. 82% respectively, while the mapping time is almost equal, and the constructed semantic

maps are more consistent.,

Key words: simultaneous location and mapping; semantic map; loss function; correntropy
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Tab. 1 Quantitative results of KITTI Odometry
Translation/ % Rotation/(deg/m)
Sequence Environment
SuMa SuMa—++ VS-SLAM SuMa SuMa++ VS-SLAM

00* urban 0. 696 2 0.661 6 0.603 4 0.002 4 0.002 3 0.002 1
01 highway 1. 801 2 1.7450 1.6917 0. 005 7 0. 004 9 0.004 5
02 urban 1.662 9 1.588 2 1.564 0 0. 005 2 0.004 8 0.004 6
03 country 0.745 1 0.672 0 0.641 4 0. 005 0 0. 004 6 0. 004 6
04 country 0.452 8 0.389 0 0.3235 0.002 7 0.002 7 0.002 6
05* country 0.451 2 0.426 0 0.434 0 0. 002 0 0.002 0 0.002 1
06* urban 0.548 3 0.522 4 0.4389 0. 003 5 0.002 8 0.002 3
07" urban 0. 786 4 0.492 3 0.401 1 0.005 6 0.004 4 0.002 9
08* urban 1.135 8 1. 030 4 1.081 3 0.003 7 0.003 4 0. 003 6
09* urban 0.624 7 0.578 3 0.475 7 0.002 1 0.002 0 0.001 8
10 country 0.724 6 0.662 2 0.643 3 0.003 2 0. 002 9 0.002 8
Average 0.875 4 0.797 0 0.754 3 0.003 7 0.003 4 0.003 1
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Tab. 2 Mapping time for different KITTI sequences

Mapping time/ms

Sequence
SuMa-+ -+ VS-SLAM

00 36. 387 36. 479

01 6.793 6.976

02 36. 488 36. 597

03 3. 86 3. 848

04 1. 415 1. 365

05 24.282 24,572

06 8. 24 8.229

07 6. 434 6. 428

08 28. 696 28. 834

09 9. 457 9. 664

10 6.598 6. 565

Average 15.33 15. 41
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