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SLAM algorithm based on semantic information and

the elimination of dynamic feature points
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Sci-Tech University, Hangzhou 310018, China)

Abstract: Traditional simultaneous localization and mapping (SLLAM) algorithms are easily influenced
by dynamic objects and their backgrounds in real scenes. In this paper, a dynamic SILAM algorithm that
combines semantic segmentation techniques with dynamic feature point rejection has been proposed to
establish dynamic scene maps. Firstly, the feature fusion network MulAttenNet based on multi-channel
attention and spatial attention was built to perform semantic segmentation by using RGB information,
which eliminated objects with high motion probability in the scene and roughly estimated camera poses.
Secondly, dynamic areas were eliminated according to camera poses and depth information. Finally, the
map was established according to the static feature points. In order to verify the effectiveness of the
proposed algorithm in this paper, validation experiments were conducted for the established MulAttenNet
network and dynamic SILAM algorithm respectively. The experimental results have shown that the
network built in this paper could effectively improve the accuracy of semantic segmentation, the MPA
value was increased by 4. 05% and the MIoU value was increased by 2. 60%. In addition, compared with
the existing SLAM algorithms, the dynamic SILAM algorithm established by this algorithm reduced the
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absolute pose errors and the relative pose errors. The algorithm in this paper can construct highly accurate

semantic maps in dynamic scenes.,

Key words: simultaneous localization and mapping (SLLAM); dynamic environment; dynamic feature

point elimination; attention mechanism; loss function
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