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Globally Consistent and Tightly Coupled 3D LiDAR Inertial Mapping
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This paper presents a real-time 3D mapping framework based on global matching
cost minimization and LiDAR-IMU tight coupling. The proposed framework comprises a
preprocessing module and three estimation modules: odometry estimation, local mapping,
and global mapping, which are all based on the tight coupling of the GPU-accelerated

voxelized GICP matching cost factor and the IMU preintegration factor.

The odometry

estimation module employs a keyframe-based fixed-lag smoothing approach for efficient and
low-drift trajectory estimation, with a bounded computation cost. The global mapping module
constructs a densely connected factor graph that minimizes the global registration error over
the entire map with the support of IMU constraints, ensuring robust optimization in feature-
less environments. The evaluation results on several public datasets show that the proposed
framework enables accurate and robust localization and mapping in challenging environments.
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Fig. 1: Environmental map and factor graph generated by the proposed framework (KITTI 00 Sequence).
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Fig. 2: System overview
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Fig. 3: Frontend factor graph. Only the factors related to
the latest frame (x9) are illustrated.
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Table 1: Average rotational relative trajectory errors (RTEs) [°/100m] on the KITTI dataset

Sequence Num. Loop 00 01 02 03 04 05 06 07 08 09 10 00-10 11-21
Num. of Frames closure | 4541 1101 4661 801 271 2761 1101 1101 4071 1591 1201 | Mean (ST/S) Mean (ST)
Proposed (matching cost) 0.16 0.10 0.12 0.19 0.10 0.10 0.07 011 0.18 0.11 0.15| 0.14/0.13 0.15
Proposed (matching cost) v 0.12 0.09 0.0 0.19 0.10 0.06 0.08 0.10 0.14 0.08 0.15| 0.11/0.11 -
Proposed (SE3) v 0.18 0.15 0.17 033 0.17 021 0.10 0.17 050 0.17 0.31 0.24/0.22 -
LOAM 20 - - - - - - - - -/ - 0.13
MULLS @ 0.18 0.09 017 022 008 017 011 018 025 015 019 | - /0.16 0.19
MULLS @ v 0.13 0.09 0.13 0.22 0.08 0.07 0.08 0.1 0.17 0.12 0.19 - /013 -
SuMa++ &) v 022 046 037 046 026 020 021 0.19 035 023 028 | 0.29/0.29 0.34
LO-Net @D 042 040 045 059 054 035 033 045 043 038 041 - /043 -
Red and blue respectively indicate the first and second best results.
Mean ST and S respectively indicate the means of sub-trajectory and sequence errors.
Table 2: Average translational relative trajectory errors (RTEs) [m/100m] on the KITTI dataset
Sequence Num. Loop | 00 01 02 03 04 05 06 07 08 09 10 00-10 11-21
Num. of Frames 4541 1101 4661 801 271 2761 1101 1101 4071 1591 1201 | Mean(ST/S) Mean (ST)
Proposed (Matching Cost) 049 065 050 0.62 041 024 029 030 080 046 054 | 0.52/0.48 0.59
Proposed (Matching Cost) v 0.56 066 0.55 0.63 042 0.28 034 035 081 055 054 | 0.56/0.52 -
Proposed (SE3) v 0.58 0.61 0.60 0.69 044 038 034 037 151 0.68 0.74 | 0.74/0.63 -
LOAM 20 0.78 143 092 0.86 071 057 0.65 0.63 1.12 0.77 0.79 - /0.84 0.55
MULLS @ 0.51 062 0.55 0.61 035 028 024 0.29 080 049 0.61 - /0.49 0.65
MULLS ©, v 0.54 062 0.69 0.61 035 029 029 0.27 083 0.51 0.61 - /052 -
SuMa++ ® v 0.64 160 1.00 0.67 037 040 046 034 1.10 047 0.66 | 0.70/0.70 1.06
LO-Net @D 078 142 101 073 056 062 055 056 108 077 092 | - /082 -

Red and blue respectively indicate the first and second best results.
Mean ST and S respectively indicate the means of sub-trajectory and sequence errors.

Table 3: Relative and absolute trajectory errors on the Newer College dataset

Metric \ LIOM (odom) LIO-SAM (odom) LIO-SAM Proposed (odom) Proposed
RTE [m] | 2.224 + 1.402 2215+ 1.376 2.156 + 1.357 2.140 + 1.348 2.160 + 1.356
ATE [m] | 3.392 + 1.653 1.176 + 0.641 0.529 + 0.259 0.899 + 0.595 0.276 + 0.093

Fig. 5: Factor graph with SE3 relative pose factors. The
line color indicates the magnitude of the error (Red: large

error, Green: small error).
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