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Abstract— Accurate and robust LiDAR odometry is a crucial
technology for robot localization. However, motion distortion
and ranging error make it a bottleneck. Most existing methods
are limited in accuracy and robustness because they simply
compensate for motion distortion by constant velocity motion
assumption without accurate model of ranging error. In this
paper, we propose a high-precision and robust LiDAR odometry
(LO), which utilizes continuous-time estimation to remove
LiDAR distortion and builds the spot uncertainty model to
quantify the ranging error. Generally, the number of variables
in continuous-time estimation is several times higher than
that in discrete-time ones, leading to insufficient constraints
on the LiDAR odometry. To solve this problem, we propose
a marginalization method to retain prior scans’ constraints
by exploiting the local support property of the B-spline. To
further improve the odometry accuracy, we propose a residual
adaptive weighting method and a probabilistic point cloud map
based on the spot uncertainty model of LiDAR points. The
experimental results show that our method outperforms state-
of-the-art LiDAR odometry in accuracy and robustness.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) is a
crucial technology for robots to perceive and navigate in un-
known environments. In recent years, LiDAR-based SLAM
has been successfully applied to various robot platforms.
However, the accuracy and robustness of this method face
bottlenecks due to the motion distortion and ranging error of
LiDAR. As an essential part of LiDAR-based SLAM, high-
precision and robust odometry is a worthy topic.

LiDAR accumulates points within 100ms during motion,
each point corresponding to one pose, which results in
motion distortion. There are two methods for distortion
compensation: discrete-time and continuous-time. Discrete-
time odometry usually use the constant velocity motion
assumption to compensate distortion [1]–[3]. But this as-
sumption will fail quickly in aggressive motion scenes.
Fast-lio2 [4] and Faster-LIO [5] use IMU to compensate
distortion, but their methods rely on the accuracy of the
IMU, which can lead to accuracy loss as the integration
error increases. In continuous-time, Ct-icp [6] and ECTLO
[7] utilize linear interpolation to parameterize the continuous-
time trajectory to remove distortion. Other approaches are to
parameterize the continuous-time trajectory with B-splines
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Fig. 1. CTA-LO generates detailed maps by estimating continuous-time
trajectory with high accuracy and can recover details of buildings and trees
well by B-spline interpolation. Colors indicate point intensities.

[8]–[11]. Compared with linear interpolation, B-spline is
a higher-order interpolation method that can parameterize
trajectory with higher complexity, as shown in Fig. 2.

Nonetheless, B-spline introduces more optimization vari-
ables while improving accuracy. Only relying on the current
scan’s measurements will result in insufficient constraints,
making it challenging to apply to LO. To solve this problem,
we exploit the local support property of the B-spline to
marginalize the control points of prior scans to retain the
constraints of prior scans.

Existing LiDAR (Inertial) odometry [1]–[6] utilize point
cloud to compose the local map and use point-to-edge
or point-to-plane registration. The above algorithms have
achieved good accuracy. However, they do not consider the
noise of LiDAR point cloud, which leaves space for further
improvement of their accuracy. In the field of geomatics,
X. Chen [12] and D. Grant [13] improve the accuracy of
mapping by modeling terrestrial laser scanner noise. Inspired
by them, we perform spot modeling of LiDAR points to
further enhance the accuracy of point cloud registration.

To this end, we propose CTA-LO, a high-precision and
robustness LiDAR odometry that provides accurate localiza-
tion and detailed mapping (Fig. 1). The main contributions
of this paper are as follows:

• We propose a marginalization method to retain prior
scans’ constraints for solving the continuous-time insuf-
ficient constraints problem in LO, which improves the
accuracy of compensating for the LiDAR distortion.

• We propose a residual adaptive weighting method and a
probabilistic point cloud map based on the spot uncer-
tainty model of LiDAR points, which further improves
the accuracy of point cloud registration.

• The efficacy of our method is verified through extensive
experiments on multiple datasets.
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II. RELATED WORK

In this section, we review the works on motion distortion
and point cloud registration in LiDAR (Inertial) odometry.

A. Motion Compensation

Due to the characteristics of LiDAR continuous scan-
ning, the point cloud will be distorted during the motion.
LOAM [1], LeGo-LOAM [2], and F-LOAM [3] usually
utilize a constant velocity motion model to compensate for
the distortion of the current scan and then perform rigid
registration. FAST-LIO2 [5] and LIO-SAM [14] use IMU to
correct distortion, which rely on the correct pose prediction
by IMU within 100ms. In the above methods, the point cloud
rigid transformation remains constant during the optimization
process, ignoring the characteristics of continuous scanning
of LiDAR.

Unlike the rigid registration of point cloud, the non-rigid
registration [10] based on continuous-time can correct the
distortion while optimizing the pose. CT-ICP [6] and ECTLO
[7] assume the pose at the beginning of the LiDAR scan
is not equal to the pose at the end of the previous scan,
then utilize linear interpolation within scan to compensate for
LiDAR distortion. However, this assumption is inconsistent
with the continuous scanning property of LiDAR, and linear
interpolation does not effectively represent continuous-time
trajectory. [8] and [9] use B-spline to interpolate keyframe
poses to compensate for distortion in the local map. CLINS
[10] and Elastic LiDAR Fusion [11] utilize B-spline to pa-
rameterize the trajectory and use the original measurements
of LiDAR and IMU to estimate the current scan’s control
points. Compared with linear interpolation, B-spline is more
consistent with the continuous scanning characteristics of
LiDAR and can parameterize continuous-time trajectory with
higher complexity. Their experiments show that the accuracy
is improved compared with the discrete-time optimization.
However, the above algorithms [10], [11] require additional
sensors (IMU, wheels) to provide other constraints to avoid
degradation, which is unsuitable for LiDAR odometry.

B. Point Cloud Registration

Point cloud registration based on ICP [15] is widely
used in LiDAR odometry. LOAM [1] introduces feature
extraction, which searches the k nearest points in the map and
minimizes the distance of point-to-edge and point-to-plane
in each iteration. Some subsequent works [2]–[6] inherit
this framework. FAST-LIO2 [4] uses only plane features for
point cloud registration and proposes ikd-Tree data structure,
which achieves advanced results. Based on FAST-LIO2,
Faster-LIO [5] proposes iVox, which further improves the
speed of the k nearest neighbor search. The significant
drawback of the above methods is that they ignore the noise
of the LiDAR points.

SuMa [16] and SuMa++ [17] utilize the surfel map and
update the confidence level of the existing surfel based on the
angle and distance of the LiDAR measurements. The current
scan is projected onto the image from spherical coordinates
for data association, and the model view of the surfel map is
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Fig. 2. Comparison of linear interpolation and B-spline interpolation. B-
spline can parameterize motion trajectory of higher complexity and linear
interpolation has obvious errors.

rendered using OpenGL. But this approach relies on the GPU
for rendering operations and loses 3D information due to the
distance image. VoxelMap [18] utilizes voxels to represent
the map, modeling the uncertainty caused by measurement
noise and pose estimation error. Still, one drawback of voxel
map is that they require good initial alignment [19].

III. METHODOLOGY

In this section, we describe our LiDAR odometry method
in detail. First, we model the uncertainty of the LiDAR
points. Based on this, we propose a residual weighting
formula and a probabilistic point cloud map (See III-B).
Then, we compensate for the distortion using continuous-
time and propose a marginalization strategy that preserves the
prior scan constraints (See III-C). Fig. 3 shows an overview
of our approach.

A. Preliminary

We use the rotation A
BR ∈ SO(3) and translation A

Bp ∈ R3

to denote the 6-DoF rigid transformation. Assume the LiDAR
frame as {L}, the first LiDAR frame as the global frame
{W}. Exp(·) denotes the mapping of the Lie algebra to the
Lie group, Log(·) is its inverse operation.

B. Error ellipse model of LiDAR points

1) Spot error entropy model
Due to the divergence angle of the LiDAR beam, a spot

is formed when the LiDAR beam project onto the object’s
surface [20]. The reflection point of the LiDAR may be
located anywhere in the spot, so the shape of the spot reflects
the uncertainty of the LiDAR point. The spot’s geometry
depends on the distance between LiDAR and the object
surface and the incident angle relative to the LiDAR, as
shown in Fig. 4. The incidence angle α can be defined by
the following equation:

α = cos−1(
P ·N
|P ||N |

) (1)

where P is the beam direction and N is the plane normal
vector.

When the beam is projected perpendicularly to surface,
the incident angle α is 0. In such a case, the spot projected
by the LiDAR onto the object’s surface is circular, the spot
diameter can be expressed as:

d = 2ρ · tan(β/2) +D0 (2)
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Fig. 3. Overview of our proposed CTA-LO approach. Once the scan is obtained, the feature points are associated with the local map and the spot
probability model is calculated. The control points are estimated by continuous-time optimization with marginalization. After convergence, the uncertainty
coefficients of the current scan are recovered and the current scan is added to the local map.
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Fig. 4. Scanning geometry diagram. Beam divergence angle, plane normal
vector, and beam direction are β, N , and P , respectively. (a) is the spot
shape of vertically incident(α = 0). (b) is the spot shape at an incidence
angle α.

where β denotes the beam divergence angle, D0 denotes the
diameter of the transmitting aperture, and ρ represents the
distance from the LiDAR to the object surface.

When the incident angle α is not 0, the spot will appear as
an ellipse, where the short axis of the ellipse is independent
of the incident angle and can be expressed by d in equation
(2). The long axis D can be described by the following
equation:

D =
2ρ · tan(β/2) +D0

cosα
(3)

The area of the LiDAR spot can be calculated as:

Sα = π · 1
2
D · 1

2
d =

πd2

4cosα
(4)

Since the reflection point of the LiDAR is located at
any position within the spot, the probability of the LiDAR
position within the ellipse is equal. Suppose u is a point in
the direction of the long axis (x-direction) of the spot ellipse
and v is a point in the direction of the short axis (y-direction)
of the spot ellipse. The probability density function of the
LiDAR spot [21] is:

P (u, v) =

{
4

πDd , u2

D2 + v2

d2 ≤ 1

0 , u2

D2 + v2

d2 > 1
(5)

According to the probability density function of the Li-
DAR spot, the error entropy of the LiDAR spot [22] can be
expressed by the following equation:

S =
1

2
e−

∫∫
P (u,v) lnP (u,v)dxdy =

πd2

8 cosα
(6)

2) Uncertainty of LiDAR Point
Error entropy is a function of the error standard deviation

of measurement, which can quantify the uncertainty of
measurement. Equation (6) indicates that the LiDAR noise
is proportional to the square of the distance and inversely
proportional to the cosine of the incident angle α. To improve
the accuracy of point cloud registration, LiDAR points un-
certainty formula based on the spot model is proposed below.

The effect of the incident angle on the LiDAR points noise
is expressed by the coefficient c(α), defined as follows:

c(α) = cosα, α ∈ [0◦, 90◦] (7)

Assuming that ρmin is the minimum range of LiDAR
ranging, and ρmax is the maximum range of LiDAR ranging.
The effect of scanning distance on the LiDAR points noise
is expressed by the coefficient c(ρ), which can be defined as
follows:

c(ρ) =
ρ2max − ρ2

ρ2max − ρ2min

, ρ ∈ [ρmin, ρmax] (8)

Considering the effects of distance and incidence angle
together, the uncertainty coefficient of the LiDAR points is:

cp = c(ρ) · c(α) (9)

Since the uncertainty coefficient represents the confidence
level of each lidar point, we do not need to focus on the
parameters of the lidar. We model the uncertainty coefficient
of the point cloud for the following two purposes:

• During data association, the plane parameters are cal-
culated according to the uncertainty of the map points
(equation (14)).

• During optimization, the residual weights are adaptively
adjusted according to the uncertainty of the LiDAR
points in the current scan (equation (17)).
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C. Continuous-Time Odometry
Since LiDAR is a non-instantaneous observation sensor,

each point is observed from a unique pose. To reduce the
motion distortion of the point cloud, we use B-spline to
parameterize the 6-DoF trajectory, which is denoted as the
3D position p(t) ∈ R3 and 3D rotation R(t) ∈ SO(3)
with uniform B-spline, respectively. Defining tstart as the
start time of the spline and tend as the end time of the
spline, we can parameterize the trajectory by control points
and interpolate the pose by the timestamp t ∈ [tstart, tend].
Conversely, the optimal control points can be derived from
the LiDAR measurements.

1) B-spline Trajectory Representation
The B-spline is determined by the order k, N +1 control

points {x0, x1, . . . , xN}, M node vectors {t0, t1, . . . , tM},
and M = N + k + 1. The B-spline is defined as follows:

x(t) =

N∑
i=0

Bi,k(t)xi (10)

where t is time variable, and Bi,k can be given by the De
Boer-Cox recurrence relation [23].

We use the cumulative B-spline method to represent the
trajectory in continuous-time. To simplify the calculation,
the B-spline equation for the position at time t ∈ [ti, ti+1)
becomes:

p(u) = pi +

k−1∑
j=1

λi(u) · (pi+j − pi+j−1) (11)

where u = (t − ti)/(tt+1 − ti), pi is the control points of
p(u), and the coefficient λi(u) is the i-th row vector of the
matrix B̃k that depends only on the order of the B-spline
[24].

Extending equation (11) to the Lie group, the cumulative
B-spline of SO(3) is defined as:

R(u) = Ri ·
k−1∏
j=1

Exp
(
λi(u) · Log

(
R−1

i+j−1 ·Ri+j

))
(12)

where Ri is the control points of R(u).
2) Data Association and Probabilistic Map Maintenance
In terms of data association, to play the role of the

spot model, we only extract plane feature points through
the curvature of the LiDAR points [14]. To achieve data
association between the current feature points and the local
map, we transform the feature point of the current scan
to the global frame using the continuous-time trajectory
and search for the 10 nearest neighbor points in the local
map. Suppose that each plane consists of 10 feature points
pi = [xi, yi, zi](i=1,...,N) and the uncertainty coefficient of
each point is ci. The plane equation is as follows:

ax+ by + cz + d = 0,Ap̄i = 0 (13)

where p̄i is the homogeneous representation of pi and
A = [a, b, c, d] is the plane parameter. A can be obtained by
solving the following linear least square problem:
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Fig. 5. Factor graph of our system. The trajectory of the current scan
(red box) can be parameterized by the optimization control point (Opt. CP).
The prior factors (green box) can also constrain the optimization control
points. During optimization, we add the current and prior factors to the
optimization and discard marginalization control points (Marg. CP) using
the Schur complement.

A = argmin

N∑
i=0

(ciApi)
2 (14)

3) Residual Construction in Continuous-Time
We utilize the third-order uniform B-spline to parameterize

the LiDAR trajectory. Assume {Lpj , j = 1, . . . ,m} as the
points under the k-th LiDAR frame L, W

L R(t) and W
L p(t)

can be interpolated by the timestamp t of the feature points.
After projecting to the global frame using the LiDAR pose
W
L R(t),WL p(t), the feature point should lie exactly on a plane
patch in the local map, the LiDAR optimization factor can
be constructed as follows:

rl =
W uT

j (
W
L R(t)Lpj +

W
L p(t)) + d = 0 (15)

where Wuj = [a, b, c]T is the normal vector of the corre-
sponding plane patch and can be calculated from Equation
(14).

We slightly assume that the angular acceleration and the
linear acceleration are zero, making the trajectory as smooth
as possible. The smooth motion factor is as follows:

rRα = W
L R̈(t) = 0, rpacc =

W
L p̈(t) = 0 (16)

We empirically give a small weight to the smooth motion
factor to avoid the loss of accuracy.

4) Optimization with Marginalization
For the convenience of representation, we define the

composite control point Qi = {Ri,pi} to represent the
control points, including rotation and position control point.
The accumulation time of the LiDAR scan is 0.1s, so we set
the time interval of nodes to 0.1s.

Assume that the timestamp of the current scan lies in
the [ui, ui+1) interval, we add a new control point Qi+3

to the B-spline when the current scan is obtained. From
the factor graph, as shown in Fig. 5, the trajectory in the
[ui, ui+1) interval is parameterized by the control points set
Φi = {Qi,Qi+1,Qi+2,Qi+3}. The LiDAR factors in the
[ui−3, ui) interval can also constrain Φi due to the local
support of the B-spline. Suppose that the factors from the
prior scans are added directly to the optimization, we will
inevitably introduce new optimization variables Φmarg =
{Qi−3,Qi−2,Qi−1}. That will bring two problems, one is to
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increase the number of optimization variables in the system,
and the other is that Φmarg are the optimal control points for
prior scans and do not need to be optimized. Therefore, we
propose a marginalization method. Specifically, the factors in
the [ui−3, ui) interval are added to the optimization as prior
constraints of Φi. Then, we use the Schur complement to
retain prior constraints while discarding prior scans’ control
points.

Assume the optimization variable set for the current scan is
X = (Φopt ∪Φmarg), where Φopt = Φi is the control points
set that parameterizes the trajectory of the current scan, and
Φmarg is the control points set that is not irrelevant to the
trajectory of the current scan that needs to be marginalized.
The continuous-time trajectory can be obtained by solving
the following nonlinear equations:

X = argmin
∑

ρ (∥cirli∥) +
∥∥rRα∥∥+ ∥rpacc∥ (17)

where rli is the factor in [ui−3, ui+1), the Huber loss ρ(·) is
used to reduce the effect of outliers and ci can be calculated
by equation (9). During optimization, the equation (17) can
be linearized as:

H (Φopt ∪Φmarg) = b (18)

where H is the Hessian matrix of the optimization problem.
The equation (18) can be written as a chunking matrix:[

Hoo Hom

Hmo Hmm

] [
Φopt

Φmarg

]
=

[
bopt
bmarg

]
(19)

Using the Schur complement [25], equation (19) can be
written as:

(
Hoo −HomH

−1
mmHmo

)
Φopt = bopt −HomH

−1
mmbmarg

(20)
With marginalization, we can retain prior scans’ con-

straints and discard optimization variables that are irrelevant
to the current scan.

IV. EXPERIMENT

To validate the effectiveness of the proposed method,
CTA-LO is evaluated using three public datasets (NCD
[26], M2DGR [27], and the LiLi-OM dataset [28]). We first
compare LiDAR odometry with state-of-the-art methods on
NCD and M2DGR. Next, we perform ablation experiments
to evaluate each module on M2DGR and NCD quantitatively
and evaluate on the LiLi-OM dataset qualitatively. We finally
discuss efficiency.

For a fair comparison, the algorithms involved in the
experimental part are modified to better fit the dataset, we
turn off the loop detection and only evaluate the odometry.
All experiments are conducted on a computer with an AMD
Ryzen7 5800H CPU and a 16G RAM PC.

A. Dataset

1) Ground robot scenarios: The M2DGR dataset is a large-
scale dataset collected by a ground robot with RTK/ins as
groundtruth. To evaluate the LiDAR odometry, we use 3
sequences of the gate and 8 sequences of the road.

2) High-frequency motion scenarios: The NCD contains
five sequences, with scenes covering the entire campus,
including buildings, outdoors, parks, and vegetation. On the
quad sequence, the device is shaken at a walking speed of
1.5m/s, and the angular velocity of shaking reached 2.5rad/s
on the dynamic sequence.

3) Small FoV LiDAR scenarios: The LiLi-OM dataset is
collected by the Horizon LiDAR (FOV:81.7°×25.1°) carried
by a ground robot. The scene covers building and lawn,
where the LiDAR faces the wall several times.

B. Odometry Experiments

We compare with the state-of-the-art methods on M2DGR
and NCD, including A-LOAM, LeGo-LOAM, and CT-ICP.
We utilize absolute trajectory error (ATE) for accuracy
comparison and perform a rigid transformation between the
groundtruth and estimated trajectory before calculating ATE.

Table I shows that our approach achieves optimal results
on most sequences. A-LOAM and LeGo-LOAM use discrete-
time optimization and display extensive errors on the se-
quences with aggressive motions (quad, dynamic, street07),
because the assumption of constant velocity motion would
fail. However, our method is robust under aggressive motion.
Although CT-ICP also utilizes continuous-time optimization,
it considers continuous within-scan and discontinuous be-
tween scans, and uses linear interpolation within-scan to
deal with motion distortion. In contrast, the B-spline used in
this paper is a higher-order interpolation method with higher
accuracy for trajectory fitting. Hence the accuracy of our
approach is higher than CT-ICP on most sequences. Fig.
6 compares the trajectories of the general and aggressive
motions. On the street07 sequence, both our method and
CT-ICP can perform robust localization under aggressive
motion compared to the discrete-time method. However,
the trajectory of CT-ICP displays obvious jaggedness, the
trajectory of our method is smoother and closer to the
groundtruth.

The short, long, and park sequences in NCD contain the
woods. A-LOAM does nothing with the cluttered feature
points (trees, grass), so the accuracy is poor. LeGo-LOAM
clusters the point cloud to eliminate some cluttered points.
CT-ICP searches the 20 nearest points, which reduces the
effect of messy points to some extent but loses small features
in the environment. Thanks to the spot uncertainty model
proposed in this paper, our approach performs state-of-the-
art on these three sequences. The trajectories on the short
sequence is shown in Fig. 6.

C. Ablation Study

To verify the effectiveness of the marginalization in
continuous-time optimization and the spot uncertainty model
of the LiDAR points, we perform ablation experiments. In
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TABLE I
ACCURACY (ATE) COMPARISON ON THE NCD AND M2DGR

NCD (RMSE) [m] M2DGR (RMSE) [m]

Seq.(m) short(1609) long(3063) quad(479) dynamic(97.2) park(696) gate01(139) gate02(289) gate03(248)
A-LOAM 43.5806 84.0194 4.6221 3.3124 32.8425 0.2132 0.5048 0.2045

LeGo-LOAM 0.4104 1.1937 18.5707 13.6433 0.23340 0.4215 0.6623 0.1703
CT-ICP 0.5552 0.5761 0.0981 0.1426 0.1802 0.2231 0.3566 0.1603

ours 0.3346 0.3807 0.1195 0.0802 0.1727 0.1410 0.3208 0.1972

M2DGR (RMSE) [m]

Seq.(m) street01(752) street02(1485) street03(424) street04(840) street05(421) street06(480) street07(1104) street08(341)
A-LOAM 7.9923 5.2990 0.2563 4.8831 0.7442 0.5636 28.4630 4.7123

LeGo-LOAM 3.0846 3.5523 0.2938 0.8146 0.4039 0.5072 14.472 1.7235
CT-ICP 0.2481 2.6585 0.2439 0.7996 0.3558 0.4890 12.1098 0.2064

ours 0.4015 2.6320 0.2263 0.8188 0.2059 0.2374 12.0754 0.17229

street07 short

a

b

Fig. 6. Comparison on the aggressive motion (street07) and general motion
(short).

addition, we compare the continuous-time to the constant
velocity motion model to further verify the advantages of
continuous-time in this paper. Table II shows the ATE for dif-
ferent combinations. Without marginalization, our approach
fails quickly on these three sequences. Although the constant
velocity motion model performs well on the easy sequences
like gate01, a significant error occurs on the aggressive mo-
tion like the street07. In addition, the spot uncertainty model
of LiDAR points improves odometry accuracy, especially in
wooded environments like short sequence.

TABLE II
ATE[M] EVALUATION FOR ABLATION STUDY

Margin-

alization

CT

Module

Uncertainty

Model
gate01 street07 short

" %1 %2 0.7542 27.5233 12.1421

" % " 0.5866 23.6561 0.4730

" " % 0.2968 12.4235 6.5371

" " " 0.1410 12.0754 0.3346
% " " failed failed failed

1 Using the constant velocity motion model.
2 Without the spot uncertainty model of LiDAR points.

To better verify the effectiveness of the spot uncertainty
model, we conduct experiments on a small FOV LiDAR.
Since the LiLi-OM dataset has no groundtruth, we evaluate
it in terms of map-building consistency. Fig. 7 shows the

(a)

(b)

(c)

Fig. 7. (a) The point cloud shows significant ghosting without the spot
uncertainty model. (b) The ghosting disappears completely after adding the
spot uncertainty model. (c) The complete map in the LiLi-OM dataset.

reconstruction result.

D. Evaluation on Computational Efficiency

Time consumption of our system mainly focuses on op-
timization, where our optimization variables are four times
more than discrete-time. We must iterate 2-5 times to ensure
the correct data association during aggressive motion. Since
the number of feature points extracted by different LiDAR
varies, we can reach 70ms per scan on solid-state LiDAR
(∼1500 feature points per scan).

V. CONCLUSIONS

In this paper, we propose an accurate and robust
continuous-time LiDAR odometry. We utilize continuous-
time trajectory to deal with LiDAR distortion. To avoid
degradation, we propose a marginalization method that re-
tains the constraints of prior scans. In addition, we propose
a residuals adaptive weighting method and a probabilistic
point cloud map based on the spot uncertainty model to
further improve the accuracy. We compare CTA-LO with
several open-source state-of-the-art LiDAR odometry, and
experiments show that our method outperforms them in
accuracy and robustness.
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