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Research on Visual SLAM Indoor Positioning Technology Based on Depth Features
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[ Abstract] Simultaneous Localization and Mapping ( SLAM) is the key technology for mobile robot navigation. The SLAM
technology is used to establish the surrounding environment model based on the sensor data carried by the sensor and estimate its
pose information in the scene. Lasers, cameras, etc. are commonly used sensors. The image data contains rich environmental
information. How to establish data associations between image frames based on visual characteristics is a key issue for SLAM. This
paper has conducted in—depth research on image feature extraction and description methods of visual SLAM technology. Traditional
feature extraction methods have the problems of large amount of calculation and poor time performance. This paper uses deep neural
network to extract image features, reduce the amount of calculation, improve efficiency, and use efficient The deep feature
descriptor replaces the traditional feature descriptor, improves the feature matching method, and improves the accuracy of the
system.
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Fig. 3 Schematic diagram of network structure
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Tab. 1 Time —consuming comparison of feature point extraction

algorithms
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Tab. 2 Feature point matching accuracy and time comparison
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Fig. 8 Feature matching based on neural network
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Tab. 3 Comparison of positioning accuracy between the ORB _
SLAM2 system and the improved system
LI GERRT)
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R HINE/ %
MH_01_easy 0.038 0.039 -2.63
MH_02_easy 0.045 0.040 11.11
MH_03_medium 0.037 0.038 -2.70
MH_04_difficult 0.103 0.047 54.36
MH_05_difficult 0.065 0.057 12.30
V1_01_easy 0.088 0.086 2.27
V1_02_medium 0.065 0.056 13.84
V1_03_difficult 0.178 0.121 32.03
V2_01_easy 0.068 0.063 7.35
V2_02_medium 0.112 0.098 12.50
V2_03_difficult 0.342 0.234 31.57
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