KEWENTEEE - 55064 - 5 058 - 2025 £ 09 A DOI: https://doi.org/10.12345/bdai.v6i5.32066

Research on SLAM Algorithms from Traditional to Deep
Learning Based

Jingtian Xu Ting Yang’
Xuzhou Medical University, Xuzhou, Jiangsu, 221000, China

Abstract

This paper systematically reviews the research progress of SLAM algorithms from traditional methods to those based on deep
learning. It first introduces the basic concepts and system structure of SLAM algorithms, including core modules such as front-end
processing, back-end optimization, and loop closure detection. Then, it analyzes the characteristics of traditional SLAM systems,
such as visual SLAM and laser SLAM, and points out their low adaptability in dynamic environments and low-texture areas. On this
basis, it focuses on discussing the integrated application of deep learning techniques, such as convolutional neural networks (CNN),
Transformer models, and recurrent neural networks (RNN), in feature extraction, pose estimation, and semantic understanding in
SLAM technology. It summarizes the advantages and disadvantages of representative algorithms such as LIFT-SLAM, Deep Vo,
DLD-SLAM, and NeRF-SLAM. Finally, it points out that deep learning technology can significantly enhance the adaptability of
SLAM systems in complex environments, providing a reference for the further development of SLAM technology.
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