[s#s8% wam0 2 A/MESHRT LR

iy Bl X ZIHE

HE T 2 N4 1y PR 1 501 PR A A
SR RRTUN, BRSNS, 4R, TR

U [ B2 e N TR R SE BE . LI 201203
rp E R BN TR S S E . R 201203;
Srp E BB R2E, LA 100049

WE Pl ATERR Y5 TITRE N & 67 5 8 B (SLAM) AT % i, P 2R R 00 BF 45 25t 90 6 ™ 0 (7% 4% DG Jic B %
T D TC [ 850, PR, SR FHT 3% 25 ) 48 (ResNet) % UG 51 AT FRAE £ 0, 9 312 11— BT 0 AT B A 00 50 0% . 3 5 91 25
1) ResNet 32 WU A BG4 R RRAE 7 X512 R S 2 w1 B A — 8 1K B 19 R 7 51 19 e Ak 5 JROR SR A iy Jr =Xk
PR 1 25 J AR R 22 Wi it (R A R AE  PRIE R AE 1 = & M S e e . [RIET, B E — i 02 2 9 ) O ik DA A
AR AL TG T, I X o H Bl BTG 04T — SO 36, B0 1 P B B 1 o 7 PR R RS U 3 0 I 4R 4 New College
Fil City Centre b, ITEEIEAE 100 Yo RN T A9 4H 01y 8320, 78 99 Vo MERI R T A A MR 85% . S5 58 1Y in) 4%
FM VGGL6 ik I, Frid A A W iR T,

EBE O RIRRG: MR 524 [FB a5 8 E ; PLEE s

hESES TP242 XHERER A doi: 10.3788/L0OP202158.0411003

Loop-Closure Detection Using Image Sequencing Based on ResNet

Zhan Hao"**, Zhu Zhencai"*®, Zhang Yonghe"”*, Guo Ming"*, Ding Guopeng"’

'Innovation Academy for Microsatellite, Chinese Academy of Sciences, Shanghai 201203, China ;
*Key Laboratory of Microsatellites, Chinese Academy of Sciences, Shanghai 201203, China ;
*University of Chinese Academy of Sciences, Beijing 100049, China

Abstract  When robots conduct simultaneous localization and mapping (SLAM) tasks in large-scale scenes, there is
serious mismatching or missed matching in loop-closure detection. Focused on this problem, this study proposes a
new closed-loop detection algorithm based on a residual network (ResNet) to extract features of image sequences.
The global features of an input image are extracted using a pretrained ResNet. The features of the frame image and
previous image sequenced with a certain length are stitched by the down sampling method, and the results are taken
as the features of the current frame image to ensure the richness and accuracy of the image features. Then, a double-
layered query method is designed to obtain the most similar image frame, and the consistency of the most similar
image is checked to ensure the accuracy of the loop-closure. The proposed algorithm can achieve an 83% recall rate
under 100% accuracy and an 85% recall rate under 99% accuracy in the loop-closure detection mainstream public
datasets of New College and City Centre, which is significantly improved compared with the traditional bag of words
method and VGG16 method.
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Fig. 1 Flowchart of the proposed algorithm
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Table 1 Setting of some parameters
Parameter Symbol Value

Number of frames not detected l 50
Number of frames in the interval L, 7
Group length/frame ly 15

Overlap length/frame N,
Number of matching points N, 12
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