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Abstract

We propose an adaptive robust loop closure algorithm for the Graph SLAM to address the problem where
the back-end for conventional Graph SLAM obviates the influence of false loops efficiently. The influence of
indefinite parameters in the cost function to the optimization procedure is analyzed. The parameters are re-
newed by the latest information obtained from iterations to speed the convergence rate. The algorithm is adap-

tive to different datasets. The experiment is performed for the proposed algorithm with public datasets. The
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comparison results show that the proposed algorithm is adaptive to different datasets with different types and

numbers of outliers and the convergence rate is higher, which verifies the efficiency of the algorithm.
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Tab.1  The number of nodes and edges in the datasets

City10000 10 000 20 687
Bicocca 8 358 8 405
Manhattan_Olson 3 500 5 598
Manhattan_g20 3 500 5598
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Fig.3 True nodes’ poses of the datasets
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Fig.4 Raw nodes (blue) and edges (red) of the datasets
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Fig.5 Nodes (red) and edges (blue) of the outliers result

AR 4 A BHE S AT AN 4 FORFEZEAI (R, L,
RG. LG) , A%t (1000, 2 000, 3 000, 4 000) Y 5#
FI3R. KA SC B AAR SCHY ASC Bk X BR 4L AT 5.

(c) Manhattan3500



3

KER, 2 —MHERNK Graph SLAM £-F& 4 BR800k

319

TE SCHEPBGE w=1"". BRI, M R AL B
ANT B S 1k A5 20 B PR Y WS SRt ] W3 2.

M T PR FRA A RIS RIS, X HLA IHAE 1 000 REAL
ST T ASC FIEG R M S SR, WK 6.

2 SCECOR AL X EE (AL )

Tab.2 Convergence time comparison among the experiments (unit: s)

PGS 1 000 2 000 3 000 4 000
Rk R, L, RG, LG R, L, RG, LG R, L, RG, LG R, L, RG, LG
City10000_SC 40.5,32.4,504,252 | 95.6,33.8,84.1,31.4 | 218.4,45.1,123.4,41.8 | 3202, 47.6, 2406, 53.4
City10000_ASC 15.6,8.5,94,42 40.1,9.2,235,53 65.1,12.4,31.1,82 2069, 11.7, 180.1, 10.8
Bicocca_SC -, -, =, - - -, =, - -y -, =, - -, -, =, -
Bicocca_ASC 21,09,17,1.0 25,1.1,24,14 37,1.7,34,13 51,2.7,68,24
Manhattan_Olson_SC 12.6,23,97,24 197,224,165, 2.1 28.6,3.4,326,36 45.6,4.5,382, 4.8
Manhattan_Olson_ASC 64,12,39,16 75,2.1,84,19 196,23,219,32 24.8,3.1,207, 4.4
Manhattan_g20_SC 38,1.7,35,12 76,26,45,28 94,32,112,5.1 126, 34,121, 6.7
Manhattan_g20_ASC 21,1.1,23,09 45,1.7,32,16 65,19,57,26 84,22,75, 4.1
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Fig.6 Nodes (red) and edges (blue) of the ASC result
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and the optimizated dataset
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