36k Hs HL T 5 AR 2 4R Vol.36  No.8
2022 4F 8 A JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION |

DOLI: 10. 13382/j. jemi. B2104521

#Etles A5 SLAM B AR IR KRER

MEHE FIhK
(T PR 2 Tl e o 5 I 45 fb i il B P BN SE00 = TR 400065)

OE LAk, MU SLAM LAZSHfRT 5 AR AT S5 618 R B SIS B2 06, IR 7R H rh & 45 Z0VE .
MR A B R ER {5 6, A SLAM Jiz st (0 Ak B0 e (3 T LUARSE [0 3R 2y R X 57 S AT AL , WS RS sh Lo ATE IR A] 9 T AR F 7= 4k
P SRR 22 SEIRG B 0 7, T A 4 R — B8 S LT A B, i 58 58 SLAM Hb [m] SAofs: I JR 88 % £ A, DR
FEFRE FRARLEE HIWT | SRR TEAS T LA 7 T XL Geim SR IEA TIR A AT, TS H Fi 3% T 1) A A0 RN ME =6 B st 03, %o Lb B2
FETF VR 27 > B [ FRRG I 5 9, f7 BAAREIR 25 61 SR B IR ERAGIN 7 35 | F5J b [l BRAG DB AR B WA A T T LA B R ok ) 2 e
AT 2 SR,

KRR MLUE SLAM ; Ml SRR ; TR A A VR 2 ) 5 3 SCAr81 s MERE TN

hESEKS: TP242 MEARIREE: A EXRFEFERISERE: 510.40

Principle, current situation and trend of visual SLAM
loop closure detection for mobile robot

Yang Xuemei Li Shuaiyong

(Key Laboratory of Industrial Internet of Things & Networked Control, Ministry of Education,Chongging
University of Posts and Telecommunications, Chongging 400065, China)

Abstract: In recent years, visual SLAM has attracted wide attention due to its advantages of simple structure, low cost and ability to
integrate semantic information. Loop closure detection plays an important role on it. According to the loop information obtained, the
visual SLAM back-end optimization algorithm can optimize the pose according to the loop constraint, eliminate the cumulative error
generated after long-term work, and achieve accurate long-term positioning, in order to build a globally consistent motion track and map.
First introduce the principle and function of loop closure detection in visual SLAM, then conduct an in-depth analysis of the traditional
bag-of-words model from feature extraction, similarity judgment, and experimental evaluation, and outlines several improved algorithms
based on the bag-of-words model and probability, and summarizes several loop closure detection methods based on deep learning, briefly
summarize the loop closure detection methods combined with semantic information, and finally summarize and prospect the current
problems and future development of loop closure detection.

Keywords : visual SLAM ; loop closure detection; bag-of-words; deep learning; semantic segmentation; performance evaluation
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Fig.3 Loop closure detection problem description model
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Fig. 4 The realization process of the bag-of-words model
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Table 1 Feature extraction method comparison table
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Table 2 The training schedule of the Bag-of-words

model under different data sets
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Table 3 Comparison of commonly used feature descriptors
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Table 4 Performance comparison of four neural networks on different data sets
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Table 5 Comparison of traditional bag of words model and Loop closure detection algorithm based on deep learning
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Table 6 Classification of Loop closure detection results
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Table 7 Oxford University data set information
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