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Visual SLAM algorithm based on graph neural network feature point matching

Ji Zeyuan, Yu Xiaoying, Fu Wenxing

( Beijing Electro-mechanical Engineering Institute, Beijing 100074, China)

Abstract ; The vision-based simultaneous localization and mapping (SLAM) technology has significant applications in industries, such as
augmented reality and autonomous driving. However, traditional visual SLAM faces challenges such as low positioning accuracy or failure
in low-light conditions. This article proposes a visual SLAM algorithm based on graph neural network ( GNN) for matching feature points
between consecutive frames, e.g. , VINS-GNN. In the front end of the visual SLAM, a feature point matching and tracking strategy is
designed, integrating GNN with visual SLAM, which could effectively enhance the performance of feature point tracking. In the back
end, a loop closure algorithm based on multi-frame fusion is designed to further improve global positioning accuracy. Comparative
experiments on public datasets with low light and low texture show that VINS-GNN improves positioning accuracy by 17.33% compared
to VINS-Fusion. In real indoor low-light experiments, VINS-GNN significantly improves the accuracy at the end of the trajectory
compared to VINS-Fusion. Additionally, the article introduces neural network inference acceleration techniques to reduce resource
consumption and enhance real-time performance. Experimental results show that the strategies proposed by VINS-GNN significantly
enhance positioning accuracy under indoor low-light conditions, which is of great significance for the development of indoor pedestrian
and mobile robot positioning technology.
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Fig.3 Composition of feature point matching network

based on graph neural network
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Fig.4 The structure of attention mechanism in neural networks
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Table 4 Localization error of the robot at different speeds

in low-light scenarios (m)
ik X VINS VINS

U LR R
-Fusion -GNN

(m-s™") (°/s)
1 fR 3% 1.1 30 0. 045 0.020
2 s 2.1 42 0.927 0.171
3 T 3.5 61 FENIRM 0,223
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Fig. 14 Comparison chart of algorithm positioning trajectories
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Fig. 15 Comparison between VINS-GNN and VINS Fusion
feature point extraction under low illumination and

low texture conditions
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Table 5 Experimental computer performance

parameters
P2 240
CPU #1%5 i5-10600KF
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Table 6 Comparison of accelerated deployment effects

of deep learning models
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