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Abstract: Constructing a globally consistent high-precision map is essential for the application of mobile robots.
Existing optimization-based mapping methods typically constrain robot states in pose space during the graph
optimization process, without directly optimizing the structure of the scene, thereby causing the map to be
inconsistent. To address the above issues, this paper presents a three-dimensional (3D) LIDAR mapping framework
(i.e., BA-CLM) based on LiDAR bundle adjustment (LBA) cost factors. We propose a multivariate LBA cost factor,
which is built from a multi-resolution voxel map, to uniformly constrain the robot poses within a submap.
The framework proposed in this paper applies the LBA cost factors for both local and global map optimization.
Experimental results on several public 3D LiDAR datasets and a self-collected 32-line LiDAR dataset demonstrated
that the proposed method achieves accurate trajectory estimation and consistent mapping.

Keywords: consistent high-precision mapping; LIDAR bundle adjustment; graph optimization

1. Introduction

Simultaneous localization and mapping (SLAM) is widely used in the field of robotics. A consis-
tent map is crucial for mobile robots to plan and navigate. It is desirable for a mapping method to have
the capacity to construct a globally consistent high-precision map, especially in large-scale scenes.

SLAM can be divided into filter-based methods and optimization-based methods. While state-of-
the-art filter-based SLAM methods [1-3] can achieve high-precision and robust positioning in the short
term, they cannot correct the errors in the previous states and are therefore not suitable for globally
consistent mapping. For the sake of efficiency, optimization-based SLAM approaches solve the pose
graph optimization problem to construct a global map. The pose graph constrains states based on
relative poses, which are commonly obtained through scan matching. However, accurately modeling
of the noise for relative poses is difficult in practice, which hinders the effective guarantee of map
consistency.

Constraining states based on the matching cost is another approach to achieve globally consistent
mapping for optimization-based SLAM. D. Borrmann et al. [4] solved the matching cost minimization
problem on a global scale after each pose graph optimization process to ensure the global consistency.
K. Koideet al. [5] proposed a GPU-accelerated generalized iterative closest point (GICP) [6] factor to
achieve real-time solving of the global matching cost minimization problem in the factor graph for
globally consistent map construction. However, these approaches are limited by the shortcomings of
iterative closest point (ICP)-based matching algorithms, as they only align every two frames of point
clouds instead of directly optimizing the structure of the entire local map. This limitation results in
drawbacks in terms of accuracy.

To address the aforementioned issues, a LiDAR bundle adjustment (LBA) cost factor [7] is
proposed for map optimization in this paper. The proposed factor calculates the LBA cost using a
multiple-frame synthesized voxel map and constrains the robot states through the matching cost. The
proposed factor offers several advantages. First, the multivariate factor can uniformly constrain all
states within a submap, which makes the constraints on the robot’s states tighter and more consistent
compared with the traditional binary factor. Second, the synthesized voxel map effectively addresses
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the sparse nature of low-resolution LiDAR and is more efficient than k-d-tree-based maps. Finally, the
LBA factor can be integrated with factors derived from measurements of other sensors for multi-sensor
fusion mapping.

We further present a globally consistent LIDAR mapping framework based on the LBA cost factor.
The framework consists of three modules: front-end odometry, local mapping, and global mapping.
A sliding window approach is involved by the local mapping module to create LBA cost factors for
the frames within the window, which are then added to the local factor graph to perform the local
map optimization. Based on the overlap with previous keyframes, the latest marginalized frame
will be filtered as a new keyframe. In the global mapping module, GPS absolute measurements and
Scan context [8] (a fast encoding-based loop closure detection method) are introduced to effectively
eliminate accumulated errors. The LBA cost factors are created for the keyframes within the detected
loop to achieve globally consistent map optimization.

The main contributions of this paper can be summarized as follows:

e A voxel-based multivariate LBA cost factor is proposed for consistent mapping, which is created
from a synthesized multi-resolution voxel map.

* A real-time globally consistent 3D LiDAR mapping framework (see Figure 1) is presented based
on the LBA cost factor and CPU parallel computing.

e  The efficiency and effectiveness of the proposed work are extensively validated on multiple public
and self-collected LiDAR datasets.

Front-end odometry Local mapping
»| Distortion correction »| Sliding window map
l LBA cost factir
State estimation Local factor graph

Global mapping

GPS Keyframes global map

Optional

===+ ----t-» Global factor graph [——LBA cost factor*

Loop detection

Figure 1. Block diagram of the proposed framework.

2. Related Work

2.1. Graph-Based LiDAR SLAM

The LiDAR SLAM problem can be represented as a graph [9], which consists of nodes (poses)
and edges (constraints) and can be solved by optimization methods (e.g., the Levenberg-Marquardt
algorithm [10]). The iSAM proposed in [11] introduces incremental updates to the graph optimization
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process, enabling graph-based SLAM systems for real-time applications. For large-scale and long-
term mapping, the graph-based SLAM adopts the method of global optimization and closed-loop
processing, which can be used to improve the quality of the map.

A pose graph is a kind of graph that mainly imposes pose constraints. There are extensive LIDAR
SLAM studies [12-14] that rely on pose graph optimization as the back-end to refine the trajectory
estimation results. LIO-SAM [15] introduces the concept of a keyframe to back-end optimization,
which significantly reduces the dimensionality of the pose graph. MULLS [16] proposes a two-stage
optimization strategy for global pose graph optimization and further improves the convergence speed
in the loop closure condition. The aforementioned approaches make pose-graph-based SLAM a
low-computation-cost method. However, the traditional pose-graph-based approaches have many
deficiencies. First, it is a general solution for pose-graph-based SLAM to roughly approximate the
uncertainty of the pose constraint as a constant, which is difficult to evaluate in practice, leading to
inaccuracy of the estimation. Second, the iterative solution process may easily converge to a local
solution, particularly for the three degrees of freedom of rotation. Finally, the pose constraints fail to
consider the refinement of the scene structures, causing the map to lose consistency.

To obtain an accurate and consistent map, matching costs can be directly added to the graph
as constraints on the poses. In the series works by K. Koide et al. [5,17], voxelized GICP matching
cost factors were added to the factor graph to minimize the global registration error over the entire
map. However, this approach is not robust to the sparse nature of LIDAR scans for calculating the
matching cost only between two frames of point clouds in the GICP method. Furthermore, the point
cloud registration methods simply align the nearest feature points without considering the distribution
of features, which may disrupt the overall structure of the features. Based on the above analysis,
acquiring the matching cost using the structure-from-motion method is a more reasonable choice than
acquiring it from a point cloud registration method, because a structure-from-motion method can
efficiently refine the scene structure at the same time. Therefore, we propose an LBA cost factor in this
paper, which uniformly and compactly constrains the states within a large range for accurate globally
consistent mapping.

2.2. LiDAR Bundle Adjustment

Bundle adjustment (BA), which simultaneously optimizes the robot poses and scene structure
by minimizing the reprojection errors of the matched features, is widely used in the vision-based
structure-from-motion and SLAM methods [18-20]. In LiDAR mapping, LBA differs significantly
from traditional vision-based BA, as the sparse nature of point clouds makes exact feature matching
impossible. BALM [7] first formulates the LBA by minimizing the distance between a feature point
and its matched feature. BALM?2 [21], a subsequent version of BALM, derives closed-form derivatives
for LBA optimization and develops an efficient second-order LBA solver based on the concept of
point clusters. BA-LIOM [22] addresses the issue of ground warping by utilizing an LBA solver to
provide pose estimations for the pose-graph-based back-end. Given a good initial pose estimation,
HBA [23] improves the mapping quality by employing a two-step approach involving bottom-up
hierarchical BA and top-down pose graph optimization. While the offline method HBA demonstrates
the potential of LBA in reconstructing accurate and consistent large-scale LIDAR point cloud maps,
the high computational costs limit the application of global LBA optimization for real-time consistent
mapping systems.

2.3. Voxel Map

A voxel map is a hash-based map structure proposed in [24]. Compared with a k-d tree, a map
structure that widely used for point cloud registration and SLAM, a voxel map can be built and updated
more efficiently. A modified voxel method, iVox, was proposed in [25], which supports incremental
insertion and parallel approximated k-nearest neighbor (k-NN) queries and further improves the
search and update efficiency of the voxel map. VoxelMap++ presented in [26] uses a union-find-based
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voxel merging method to enhance the accuracy of plane fitting. K. Koide et al. [27] proposed a
multi-point distribution aggregation approach to robustly estimate the distribution of a voxel and
released an open source voxel project that can be rapidly constructed by parallel computation.

Previous LBA studies did not focus much on efficiency promotion. In the traditional LBA work
[21,23], an octree-based voxel map method is used to cut local LIDAR scans into point clusters. These
approaches require the eigenvalues to be computed for each voxel during the map building process.
The numerous repetitive calculations make the computation cost too high for global mapping. As
a result, there is room for improvements in efficiency by combining the aforementioned voxel map
methods.

3. Methodology

3.1. LiDAR Bundle Adjustment Cost Factor

Given M frames of point clouds F = {f1,-- -, fu }, the robot poses corresponding to the frames
can be written as

T={Tp, -, Ty}, (1)

where Ty, € SE(3) is the transformation matrix from the body to the world. These point clouds are
aligned to the world coordinate system and can be segmented into a multi-resolution voxel map. The
number of voxels is C. The full voxel map can be denoted as V = {v1,-- - ,vc}. All the points within
the i-th voxel Pj = { Poyr s Pon } constitute a point cluster that corresponds to a planar feature.
The distribution covariance matrix of v; is

1 N .
Avi = N Zj:l (pzi] - pgj) € R3X3r 2)
where pfj’ij and py are
Py = Rp b+, 3)
_ 1 N
P = x Lo (08) @

The eigenvalues of Ay, describe the distribution of points within the voxel. According to principal
component analysis (PCA) theory [28], the eigenvalues’ cumulative contribution to A,, is calculated to
judge whether the voxel corresponds to a planar feature. In this paper, we discriminate the features
based on the following equation:

M+A+As =

plane if LA > g
nonfeature else ’

Feature(v;) = { o)

where 6 is a constant threshold (e.g., 0.9), and Ay is the k-th largest eigenvalue of A,,.

Although the points within the extracted voxel according to (5) are distributed in a plane as a
whole, there is still a possibility of having outliers. Due to the interference of measurement errors and
noise, the distance from the planar feature points to the plane should follow a normal distribution
with a mean of zero, that is,

where a3 is the eigenvector of A3 and also a unit vector in the feature plane normal direction. Hence,
the outliers are removed according to the three-sigma rule of thumb.

The goal of LBA optimization is to estimate the optimal robot pose by minimizing the sum of the
smallest eigenvalues of the covariance matrices of all voxels. For one voxel, the LBA error is

s (T, p) = A3(Ai) = uj Agjuis, @)
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where u3 is the corresponding eigen vector of A3. For a local map, the entire LBA error and LBA
optimization problem can be defined as follows:

eLBA(T’ p) = ZiC:1 eZL]iBA, ®)
T = arg mTineLBA(T, p)- )

The LBA optimization problem is rewritten with a Hessian factor in the form of GTSAM (i.e., LBA cost
factor). The matrix to construct the LBA cost factor is shown as follows [7]:

f=2e"BA(T, p) e RY, (10)
9eLBA
8m = —
oT
I (11)
_ 20 0w W\ T o fn )\ R6x1
- ZZJ,‘EV Zpev,ﬂfm ﬁ(p - PU:‘) Uz us _Rm (P m) I|e€
ag
G = _2ﬁ e RO*°, (12)
Gn Gp -+ G &
0 Gp -+ Gwm &
Mhessian = . (13)

0 0 0 Gumm 8&m
o 0o o0 0 f

The diagram of the LBA cost factor is shown in Figure 2. The matching cost is calculated from the
entire voxel map, rather than from a pair of point clouds. Thus, compared with binary factors, the
proposed factor effectively solves the general problem of ground curling and is more robust to the
sparsity of point clouds.

—=&— Multivariate LBA Cost Factor

Figure 2. For the same submap, the robot poses can be constrained by one proposed LBA cost factor or
a substantial number of traditional binary cost factors in a fully connected form.

3.2. Multi-Resolution Voxel Map

To address the difference in feature scales, [7] proposes an adaptive octree-based voxelization
method. This method is extremely time consuming for global mapping because it needs to calculate the
eigenvalues of every voxel and iteratively subdivide each default-sized voxel until all the subdivided
points belong to the same feature or reach the maximum level of subdivision. To cut the point cloud
into point clusters in real time, we abandoned the octree data structure in our research. Inspired by
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[29], a multi-frame synthesized voxel pyramid method is adopted to extract the planar point clusters
at different scales, which can be rapidly constructed through parallel computing.

Considering the sparse nature of point clouds, we accumulate a certain number of point clouds to
form a submap. Each submap corresponds to an LBA cost factor. For a submap, we simultaneously
voxelize all the frames into three layers. During the optimization process, we extract all the voxels that
store planar features via (5) from the lowest-resolution layer to the highest-resolution layer. All the
extracted voxels are used to construct the LBA cost factor of the map. To avoid redundant constraints,
the extracted voxels in the lower layer will be disabled in the upper layer. When a frame is removed
from the submap, all planar points are retained to prevent submap drifting.

Despite its higher computational complexity, the multi-resolution method proposed in this paper
significantly reduces the time complexity compared with the method proposed in [7], as it can be
implemented through parallel computing.

3.3. Global Mapping Framework

The proposed framework is shown in Figure 1. It is worth noting that the LBA cost factor relies
on relatively accurate voxel segmentation. Thus, when the new LiDAR frame comes in, a front-end
odometry module is required to provide an initial guess for the robot pose of the frame. In this work,
we use Faster-LIO [25], a voxel-based lightweight LIDAR odometry module, for point cloud distortion
correction and initial state estimation. This module can be replaced by any LiDAR odometry or point
cloud registration algorithm, such as TEASER [30] and NDT [31].

3.3.1. Local Mapping Module

The LiDAR frame with an initial guess is fed into the local mapping module to obtain a more
accurate pose estimate, which is summarized in Algorithm 1. The local mapping module manages
the frames via a sliding window. The accumulated frames are synthesized and constructed into a
multi-resolution voxel submap with a certain step length. To avoid drifting between submaps, there
are some frames (common view frames) that exist simultaneously in adjacent submaps. Due to the
presence of common view frames, the new submap can be incrementally constructed based on the
previous submap through pop and push operations. This incremental method is much more rapid
and efficient than constructing a brand new voxel map. We construct LBA cost factors for all submaps
in the local map and feed them into the local factor graph (see Figure 3) for optimization. After each
optimization, the positions of points within the map will be updated. The voxel submap will only
be recut when the robot pose increment is greater than 50% of the lowest-layer voxel edge length.
After local map optimization, the frames in the oldest submap are marginalized, which means that the
relative transformations among them are fixed.

Local Map @ LiDAR Frames
<> Common View Frame

& > Margined Frames

—=o— LBA Cost Factor

Robot Pose

Figure 3. Factor graph for the local mapping module. For the purpose of demonstration, the submap

size in this figure is 4, and the step length is 3. For this work, we set the maximum number of factors to
8, the submap size to 10, and the step size to 5.


https://doi.org/10.20944/preprints202407.2274.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 July 2024 d0i:10.20944/preprints202407.2274.v1

7 of 15
Algorithm 1: Local Mapping
Input: Current LiDAR Frame F;, Current Pose T;
/* V is the voxel submap, M is the local map, T is the pose buffer, G is
the local factor graph */

1 Algorithm Begin

2 V.add(F, T));

3 T.add(T);

4 if V.size() < Ny, then

5 ‘ return;

6 else

7 ‘ M.add(V);

8 end if

9 foreach V in M do

10 F < CreateLBAFactor (V)

11 G.add(B);
12 end foreach
13 T < Optimize(G,T);
14 M.Update(T);
15 Vinar ¢ Marginal (M, 1);
16 return V,,;;

17 End Algorithm
18
19 Function CreateLBAFactor (V)

20 foreach vin V do

21 if v.enable A v.planethen

2 Vp.add (v);

23 Disable v in upper levels;

24 end if

25 end foreach

26 Calculate M for V), via (8),(10)~(13);
27 F < Hessianfactor (M)

28 return F;

29 End Function

3.3.2. Global Mapping Module

The significance of the global mapping module is to maintain the consistency of the global map in
long-term mapping. To speed up global map optimization, we reduce the number of pose variables by
merging the frames of the same submap into one. As mentioned in 3.2, the points from previous frames are
preserved in the new marginalized submap. We define the overlap ratio of the new marginalized submap as

1 if v; has more than p previous points

S(vi) = { ’ (14)

0 else

Zz’czl s(vc)
C

ratio(V) = % 100%, (15)

where p is a constant related to the number of LiDAR lines and the step length. In this work, the
submap merging frame becomes a new keyframe if the ratio given by Eq. 15 is less than 80%. Initially,
we align the trajectory of the local mapping and GPS to calibrate the transformation between the world
coordinate system and the ENU coordinate system. Following calibration, GPS factors are periodically
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added to the global factor graph to constrain the pose of keyframes. We utilize Scan context [8] to detect
the closed-loops among keyframes. Once a closed-loop is detected, LBA cost factors are generated for
all keyframes within the shortest closed-loop, which makes it possible to perform BA optimization
on frames that are spatially close but have significant time intervals. This process refines the map
structure for a large region, but it is time consuming. Therefore, global map optimization will take
place at large time intervals.

3.4. Implementation Detail

Both CPU and GPU parallel acceleration can be applied to the improved voxel map. In this work,
we use the OpenMP library to implement CPU parallel computing acceleration. We assign voxels
to threads to create, update, recut, and calculate the LBA cost for the voxel map. By CPU parallel
computing, BA-CLM can run in real time (see 4.3).

4. Evaluation

4.1. Public Datasets
To evaluate the accuracy, BA-CLM was tested on the KITTI [32], M2DGR [33], and NCLT [34]
datasets(see Figure 4), with the root mean square error (RMSE) of the absolute trajectory error (ATE)

serving as the accuracy evaluation metric. The LiDAR data was collected from a 64-line LiDAR system
for KITTI and from a 32-line LiDAR system for M2DGR and NCLT.

Figure 4. Detailed mapping result of BA-CLM on public datasets. The first column of images displays
the bird’s eye views of the overall scenes. The second column shows the details of the map locations
highlighted by red blocks. The rows of images from up to down correspond to the LIO-SAM-WEST,
NCLT-20130110, and M2DGR-STREET04 datasets. The scenes’ objects (the windows and vehicles in
(b), the branches in (d), and the bridge’s railing in (f)) are clearly visible, demonstrating the mapping
clarity of our algorithm.
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4.1.1. KITTI and M2DGR

On these two datasets, BA-CLM was compared with several state-of-the-art real-time 3D LiDAR
SLAM methods: Faster-LIO [25], FAST-LIO2 [1], LIO-SAM [15], BALM2 [21], HBA [23], and A-LOAM
(an improved version of LOAM [35]). To ensure the rigor of the experiment, the GPS factor for
BA-CLM are disable, and the initial pose estimates for the BALM?2 and HBA came from Faster-LIO
(same as for BA-CLM), rather than from MULLS [16]. The HBA reached the optimal outcome within
five iterations of global BA, which means the runtime for the HBA was close to the duration of the
sequences. Therefore, the experimental results in this study were different from those in [23].

Experimental results on the partial sequences are reported in Table 1. These show that BA-CLM
yielded the highest or second-highest accuracy on most sequences. On the sequences without a loop
(marked with *’), the global mapping module of BA-CLM was deactivated. The ATE of the local
mapping module of BA-CLM was still equivalent to that of the global BA method HBA and much
lower than those of the other methods. On the sequences with loops, BA-CLM exhibited extremely
high accuracy. The increase in accuracy was caused by the added LBA cost factors created by loop
detection. Notably, there was one exception: BA-CLM had a lightly larger ATE on KITTI07. In the
sequence, a large initial error led to an incorrect construction for the LBA cost factor. This confirmed
the dependence of the LBA method on relatively exact initial estimates. However, this issue could
be efficiently solved by limiting the trajectory errors to a range through the addition of GPS absolute
measurements.

Table 1. Root mean square errors (RMSEs) of absolute trajectory error (ATE) [m] on public datasets.

Sequence Length [m] BA-CLM Faster-LIO ~ FAST-LIO2 LIO-SAM BALM2 HBA A-LOAM
M2DGR-S02* 1484.621 1.823 2.666 2.323 4.063 2.012 1.742 5.299
M2DGR-S03 423911 0.118 0.498 0.198 0.192 0.249 0.143 0.586
M2DGR-S04 840.433 0.225 1.182 0.443 1.022 0.525 0.439 2.337
M2DGR-S05* 420.560 0.295 1.182 0.378 1.022 0.601 0.278 1.364
M2DGR-506* 479.630 0.384 0.457 0.413 0.417 0.397 0.400 0.682
M2DGR-507* 1104.068 10.772 11.736 11.751 28.642 11.851 9.899 28.940
KITTIO0 3724.187 1.227 4.602 3.851 8.017 2732 1.557 19.417
KITTIO4* 393.645 0.361 0.752 0.555 0.743 0.633 0.565 0.593
KITTIO6 1232.876 0.272 1.044 1.296 0.872 0.677 0.532 1.189
KITTIO7 694.697 0.935 1.456 0.883 0.639 0.623 0.548 1.301

* The optimal results are marked in red, and the suboptimal results are marked in blue.

Figure 5. Mapping result of BA-CLM aligned with Google earth on M2DGR dataset [33].

4.1.2. NCLT

The NCLT dataset [34], which has a much longer duration than the KITTI and M2DGR datasets,
was adopted to evaluate the accuracy of BA-CLM for long-term mapping.
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The RMSEs of the ATE on the NCLT dataset are summarized in Table 2. The duration of the
sequences listed was 2597.130, 5072.362, 3309.720, and 1021.680 s. As can be seen, despite Faster-
LIO [25] (the initial guess for BA-CLM) having a high average error (0.476%), BA-CLM still showed
great accuracy in trajectory estimation (the average error was 0.052%). The trajectories of BA-CLM
on sequences 20120429, 20120615, and 20130110 are shown in Figure 6. It is evident that BA-CLM
successfully corrected the trajectories, regardless of whether Faster-LIO significantly deviated from the
ground truth. This demonstrated that BA-CLM only needs a relatively accurate relative pose as an
initial guess to achieve accurate estimation over a global range, even in long-term operating situations.

—-300 = GT
e | M_BA
e FASTERLIO
—-200

- =100

100
100 0  -100 -200 =300 -400 —500
-300 == ' GT : T

—— BA-CLM
—— FASTERLIO

~200
100
0 f
100
0 ~200 —400 —600
-50 . - e GT
e BA-CLM
0 e FASTERLIO
§ S B
- ———
100 :
100 0 100  -200  -300  —400

Figure 6. Trajectory of BA-CLM on sequence 20120429, 20120615, and 20130110 of the NCLT dataset
[34]. It shows that BA-CLM achieved accurate trajectory estimation despite the initial guess deviating
from the ground truth.
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Table 2. RMSEs of ATE [m] on the NCLT dataset.

Sequence Length [m] BA-CLM Faster-LIO

20120429 3186.047 1.268 5.882
20120511 6120.648 2.299 47.682
20120615 4088.233 1.863 25.737
20130110 1137.320 0.966 3.560
average [%] 0.052% 0.476%

4.2. Self-Collected Dataset

The focus of this discussion is the map consistency. BA-CLM was compared with FAST-LIO2 (an
odometry method without a back-end) and LIO-SAM (a pose-graph-based mapping method) on a
mid-term self-collected dataset (the trajectory length ranged from 1000 to 2000 m). The sensors we
used for this dataset included a LSLIDAR 32-line LiDAR, a 9-axis inertial measurement unit (IMU),
and a real-time kinematic positioning (RTK) system. During the collection process, a vehicle was
equipped with the aforementioned sensors and driven in an urban environment at a speed of around
30 km/h.

The mean map entropy (MME [36]) was adopted to evaluate the mapping consistency. We built
a submap every 10 m and calculated the average MMEs of all the submaps. The average MMEs
on the self-collected dataset are shown in Table 3. BA-CLM showed the smallest MMEs (—1.767,
—1.824, and —2.113) on all the three sequences, while they exhibited larger MMEs for FAST-LIO2 and
LIO-SAM. Figure 7 shows the mapping result. The map constructed by BA-CLM maintained good
quality. Meanwhile, FAST-LIO2 exhibited significant cumulative errors and severe stratification on the
ground and walls. LIO-SAM correctly detected the loop and eliminated the cumulative errors, but the
trajectory was not completely corrected due to the influence of the previous odometry factors. This
showed that the pose-graph-based method only optimized in pose space without considering the map
consistency, resulting in map divergence. In conclusion, thanks to the matching cost minimization
approach, BA-CLM has a strong capacity to maintain map consistency.

Table 3. Average mean map entropy (MME) (r = 0.3 m) on the self-collected dataset.

Sequence Length [m] BA-CLM FAST-LIO2 LIO-SAM
01 1470.785 -1.767 —1.412 —1.472
02 1095.689 -1.824 —1.506 —1.679
03 1872.245 -2.113 —-1.712 —1.860
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Figure 7. Mapping result of BA-CLM on the self-collected dataset presented from bird’s eye view.
The partial map highlighted by the red block is zoomed in on and compared with the FAST-LIO2 and
LIO-SAM results [1,15].

4.3. Runtime Analysis

Real-time performance is an important specification in SLAM systems. We tested the efficiency of
BA-CLM on several 32-line LiDAR datasets. The computation platform used for the tests was a laptop
equipped with an Intel i9-12900H 2.50 GHz CPU and 32 GB of RAM.

The detailed runtime of BA-CLM is shown in Table 4. We constructed a multi-resolution voxel
map every five frames, with an average time consumption of 51.8 ms. The steps in lines 2 to 5,
which were executed at a frequency of once per second, required only approximately 300 ms in total.
The global map optimization performed the BA refinement on a much larger scale than the local
optimization, resulting in an average time consumption of 847.2 ms. However, it was only executed
when a closed-loop was detected, which means there was a few-minute interval between the two
global optimization processes (as can be seen in Figure 8). Overall, the average processing time per
frame of BA-CLM (55.3 ms) was much lower than the LiDAR scan interval (100 ms). We can conclude
that BA-CLM could run in real time.

Table 4. Runtime of BA-CLM on 32-line LiDAR datasets.

Step Time Cost[ms]
Voxel Map Construction 51.8+17.8
Planar Point Extraction 50.3 +50.1
LBA Cost Calculation 33.3+£231
Local Map Optimization 217.1£29.5
Voxel Map Update 20.3+11.3

Global Map Optimization 847.2 +240.32
Average Time Per Frame 55.3+14.7
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Figure 8. Runtime of BA-CLM on sequence 02 of self-collected dataset. The peaks correspond to the
global map optimization.

5. Conclusions

In this paper, we propose a uniform and tight multivariate LBA cost factor for global mapping to
improve the accuracy of pose estimation and the consistency of the map. A multi-resolution voxel map
that supports both CPU and GPU parallel acceleration is used to rapidly create the LBA cost factor. We
present a real-time global mapping framework based on the proposed factor, which minimizes the
matching cost via factor graph optimization. Abundant experiments on several datasets demonstrated
that BA-CLM outperformed other state-of-the-art SLAM methods in terms of accuracy. In future work,
we will fuse more kinds of raw sensor measurements (e.g., wheel speed sensor, IMU, and 4D-radar)
into our framework to improve the robustness.

Funding: This research was funded by the Shenzhen Science and Technology Program grant number
JCY]J20220530162202005; the National Natural Science Foundation of China grant number 62173192.
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