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Abstract— This paper proposes a mapping uncertainty-aware
point-wise Lidar Inertial Odometry (LIO), which synthesizes
the point-wise point-to-plane match and map refreshment into
a probabilistic model. As a result, it can address the issue of
mismatching during point registration and remove in-frame
motion distortion of Lidar sensors. Specifically, the uncertainty-
aware map is designed to embody the uncertainty of map
geometric features (points and planes), which comes from
the Lidar point measurement and pose estimation. Then the
map can be modeled in a probabilistic form. In addition,
the proposed framework refreshes map at each Lidar point
measurement to timely revise geometric features and provide
non-delayed map. On the basis, the probabilistic point-to-plane
match method is designed to seek a corresponding plane for
each Lidar point in point registration, which can enhance the
effectiveness of match and provide adaptive observation noises
for more accurate state estimation. Comparative experiments
on various public datasets are conducted to demonstrate the
superior performance of the proposed framework in terms of
higher accuracy and better robustness.

I. INTRODUCTION

The Simultaneous Localization and Mapping (SLAM)
system [1]–[5] is the core of many robot-related tasks,
such as robotic exploration and inspection [6]–[9]. The
tightly coupled SLAM systems based on 3D Light Detection
and Ranging (Lidar) and Inertial Measurement Unit (IMU)
sensors have gained popularity due to high accuracy and
robustness. In general circumstances, the systems employing
an optimization framework often suffer from high com-
putational cost, which limits their real-time applicability.
To address this problem, utilizing Kalman Filter [10]–[12]
for fusing Lidar and IMU data can significantly enhance
calculation efficiency and increase the odometry output rate.

The accuracy and robustness of Lidar-Inertial-Odometry
(LIO) systems rely heavily on an effective point cloud
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registration method and a valid mapping scheme. On the one
hand, point cloud registration is responsible for estimating
the transformation between a source point cloud and a target
map by aligning them together [13]. The mapping scheme, on
the other hand, plays a crucial role as it is closely intertwined
with point cloud registration. It is responsible for maintaining
an accurate and efficient representation of the environment
through map construction and refreshment. In addition, an
entire scan of point cloud data can not be measured by Lidar
simultaneously, which leads to in-frame motion distortion.
Addressing this distortion is essential for achieving more
accurate pose estimation and map construction. Although
some studies have focused on these issues, there are still
some unresolved problems as follows:

• Most existing LIO systems refresh map and update
system state scan-by-scan, which may cause incorrect
point registration due to the delayed map and state
information. In addition, the in-frame motion distortion
for Lidar sensors can not be completely eliminated.

• In point registration, the existing systems tend to ig-
nore the uncertainty of Lidar point measurement and
pose estimation, utilizing predefined observation noises.
Therefore, point-to-plane mismatch and imprecise state
update may be caused, which affects the accuracy of
pose estimation and map construction.

A. Contributions

To address the above mentioned issues, we propose a
mapping uncertainty-aware point-wise LIO incorporating
probabilistic point-to-plane match and non-delayed map re-
freshment. The uncertainty of Lidar point measurement and
pose estimation is embodied within the map features in the
probabilistic form, which includes points and planes with
covariance. At the same time, the point-wise state update
and map refreshment are performed at each Lidar point
measurement. Based on this, the probabilistic point-to-plane
match method is designed, where adaptive observation noises
can be obtained. Then residual computation and state update
are conducted with the noises. In addition, by sequentially
processing each Lidar point at its respective time, Lidar in-
frame motion distortion can be effectively removed. The
contributions of this paper are summarized as follows:

• We propose a mapping uncertainty-aware point-wise
LIO framework incorporating probabilistic match and
non-delayed map refreshment methods, which can prob-
abilistically refresh map geometric features in a point-
wise manner. As a result, the non-delayed map is pro-
vided for more accurate point registration. In addition,
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updating state at each Lidar point measurement can also
eliminate Lidar in-frame motion distortion.

• A novel probabilistic point-to-plane match method for
point-wise LIO framework is designed, which accounts
for the uncertainty associated with Lidar point mea-
surement, pose estimation and map geometric features.
Therefore, mismatches can be reduced and adaptive
observation noises can be obtained for more accurate
state update.

• We implement the LIO framework and evaluate the
superior performance through various experiments un-
der public datasets. The proposed method outperforms
three state-of-the-art methods in terms of accuracy and
robustness.

II. RELATED WORK

The Lidar-IMU tightly coupled SLAM systems have
garnered increasing attention in recent years. The detailed
explanation of the IMU pre-integration model is provided in
[14], which has served as the basis for numerous LIO-related
methods employing an optimization framework, such as
[15]–[20]. The LIO system proposed in [21], [22] estimates
B-spline-based continuous-time trajectory instead of discrete
trajectory points, which can facilitate the easy fusion of
asynchronous sensor data. However, these systems have sig-
nificant computational consumption. To address the problem,
LIO systems based on Kalman Filter have been investigated
in the recent few years [10]–[12].

The point cloud registration and mapping scheme are two
necessary modules, which are interdependent. Some systems
such as LOAM [23] and LEGO-LOAM [24] tend to extract
geometric features and perform scan-to-scan registration.
The method can result in the accumulation of registration
errors between scans. In contrast, direct methods like [10]–
[12] can directly register the point cloud to the target map.
However, the registration results may be affected by the Lidar
in-frame motion distortion. To address this issue, POINT-
LIO [12] proposes a point-by-point LIO framework that
directly registers a raw Lidar point into the target map.
However, POINT-LIO ignores the uncertainty of the Lidar
point measurement and pose estimation, utilizing predefined
observation noises, which may cause inaccurate point-to-
plane match, affecting the LIO system accuracy.

For the mapping scheme, a common approach is to repre-
sent the point cloud map using a kd-tree structure [23], [24].
However, the map refreshment is time-consuming. Therefore,
the ikd-tree [25] is utilized to efficiently organize and refresh
the point cloud map in [11]. However, the uncertainty of map
geometric features is not considered. Other methods such as
[13], [26]–[28] employ hash-based voxels element to store
and represent the target map. In particular, the uncertainty of
map features is modeled in [27], [28]. The aforementioned
mapping methods typically refresh the map scan-by-scan.
However, inserting a Lidar point into the map will have an
impact on the point-to-plane match process for the remaining
points in the same scan and the points in subsequent scans.
Therefore, the aforementioned methods can not be applied

to the point-wise LIO framework, as they may result in
incorrect registration due to the delayed map.

Motivated by above discussion, this paper proposes a
point-wise LIO framework, where the probabilistic point
registration and non-delayed map refreshment method are
designed. The framework considers the uncertainty from
Lidar point measurement, pose estimation and the map in
point registration, which can reduce the incorrect point-
to-plane match. The designed probabilistic point-to-plane
method can also provide adaptive observation noises for state
update. In addition, the map is non-delayed due to the point-
wise refreshment scheme.

The remainder of this paper is organized as follows: Sec-
tion III-A provides an overview of the proposed framework.
Section III-B details the point-wise state estimation method.
In addition, map refreshment scheme in uncertainty-aware
mapping is illustrated in III-C. To demonstrate the superior
performance of the proposed method, the results of our
experiments are presented in Section IV. The conclusion
section is presented in the end.

III. METHODOLOGY

In this section, the overview of the proposed system is de-
scribed at first. Then the point-wise state estimation method
is detailed, which includes Kinematic Model, Probabilistic
Point-to-Plane Match and Extended Kalman Filter Update.
Additionally, Point-wise Map Refreshment in uncertainty-
aware mapping method is explained in the end.

A. System Overview

The proposed LIO system framework is shown in Fig.1,
consisting of two main modules: point-wise state estimation
and uncertainty aware mapping. The first Lidar scan is used
to construct an initial probabilistic map. The subsequent
Lidar data is divided into each individual point at their
respective times, and the point is sent into the point-wise
state estimation module with propagated state. In point-wise
state estimation module, the point uncertainty in global frame
will be evaluated with the pose estimation uncertainty. After
this, with the uncertainty-aware map, probabilistic boundary
point-to-plane match is conducted to provide constrain for
updating state and covariance. At last, the updated point
can be registered to refresh map and revise uncertainty of
geometric features, which can produce non-delayed map in
the point-wise manner. In addition, if no corresponding plane
can be found in the established map during point registration,
the point need to be inserted into map with propagated state.
As for each IMU data, the processing follows approach with
in [12].

B. Point-wise State Estimation

1) Kinematic Model: This section describes Kinematic
Model. To facilitate understanding, the notations mentioned
in this paper are listed in Table I. These notations will be
used to clarify the concepts and equations involved in point-
wise state estimation.
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Fig. 1. System framework.

TABLE I
SOME IMPORTANT NOTATIONS

Symbols Meanings

x, x̂, x̄ The ground-truth, propagated,
and updated state x.

xk State x at the k-th measurement sampling time.
T Sensor pose including position p and rotation R.
δx Error compared to ground-truth state x.
⊞ operations in manifold M× Rn → M.

Jα and Hα Partial differentiation operation
respect to α evaluated at zero.

In the proposed system, the IMU frame is defined as
the body frame (denoted as I), and the first IMU frame is
considered as the global frame (denoted as G). With this
frame setup, the discretized state transition model can be
expressed as follows:

xk+1 = xk ⊞ (∆tkf(xk,wk)) (1)

where k is the k-th measurement sampling time, ∆tk is the
time interval since the last measurement. Function f , state
x, and noises w are defined as follows:

M ≜ SO(3)× R21,dim(M) = 24

x ≜ [GRI
GpI

GvI bg ba
Gg Iω Ia]

w ≜ [nbg
nba

wg wa] ∼ N (0,Q)

f(x,w) ≜ [Iω GvI
GRI · Ia+ Gg nbg

nba

03×1 wg wa] ∈ R24

(2)
where GRI , GpI , and GvI are the global attitude, po-
sition, and velocity of the IMU. bg and ba are IMU
biases with Gaussian noises nbg ∼ N (0,Qbg

) and

Points in lidar scan

Points in map

LIDAR

Small plane

Fig. 2. Illustration of the observation model.

nba ∼ N (0,Qba
),Gg is the global gravity, the Iω

and Ia are angular velocity and linear acceleration along
with noises wg ∼ N (0,Qg) ,wa ∼ N (0,Qa), and
Q =diag(Qbg

, Qba
, Qg, Qa) is the covariance matrix of the

process noise w.
Regarding the observation model, once projected into the

global frame using the ground-true IMU pose, each lidar
point is expected to lie precisely on a local small plane
within the global map, as illustrated in Fig.2. Based on this,
observation model can be deduced as follows:

0 = (Gugt
k )

⊤
(GTgt

Ik
Ipgt

mk
− Gqgt

k ) (3)

where Gugt
k is normal vector of the corresponding plane

without noises, and Gqgt
k is a point in the plane. GTgt

Ik
is

IMU pose implicit in state xk. Ipgt
mk

is a ground-truth Lidar
point in IMU frame (the Lidar frame and the IMU frame
should have precalibrated extrinsic). It is worth mentioning
that the IMU observation model and state update method
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follow the same principles in [12]. Therefore, no detailed
definitions and derivations are described here. Furthermore,
the observation model hL for Lidar described in equation (3)
can be written in a compact form as

0 = hL(xk,
Gugt

k , Ipgt
mk

,Gqgt
k ) (4)

2) Probabilistic Point-to-Plane Match: As shown in
Fig.3, the map of the proposed system is composed of voxels
organized using a Hash table and octrees [27]. Each voxel
within the map contains a map plane feature and some map
points, which also includes their uncertainty. The map can
provide a probabilistic representation of the environment by
incorporating uncertainties of each Lidar point measurement
and pose estimation. By the way, the uncertainties of pose
estimation in tangent space are expressed in covariance
matrix P.

When a new Lidar point Gpi is projected into global frame
with its propagated pose, point-to-plane match is conducted
to provide constraints for state update. Assume that there is
a plane with a normal vector Gui and a center point Gqi,
the distance di between the point Gpi and the plane is as
follows:

di =
Gu⊤

i (
Gpi − Gqi) (5)

Consider the uncertainty of Gui, Gpi, Gqi in global map,
the point-to-plane distance is as follows:

di =(Gugt
i ⊞ δGui

)⊤[(Gpgt
i + δGpi

)− Gqgt
i − δGqi

]

≈ (Gugt
i )⊤(Gpgt

i − Gqgt
i )︸ ︷︷ ︸

a

+ JGui
δGui

+ JGqi
δGqi

+ JGpi
δGpi

(6)

From the observation model in equation (3), the part a in
equation (6) is zero and this implies that di ∼ N (0,Σwi

) if
we denote wi = JGui

δGui
+ JGqi

δGqi
+ JGpi

δGpi
and

Σwi = JwiΣGui,Gqi,Gpi
J⊤
wi

Jwi
=

[
JGui

,JGqi
,JGpi

]
=

[
(Gpi − Gqi)

⊤,−Gu⊤
i ,

Gu⊤
i

]
ΣGui,Gqi,Gpi

=

[
ΣGui,Gqi

0
0 ΣGpi

] (7)

where ΣGui,Gqi
and ΣGpi

are the covariance of the plane
and the Lidar point in global map referenced from [27].

According to the above analysis, when a point is effec-
tively matched to a plane, the distance between them is
expected to fall within a range of 3σ, where σ=

√
Σwi

. This
range is determined by the uncertainty in the observation.
In the case where multiple planes are matched to a same
point, the plane with the highest probability will be selected.
If none of the planes pass the probabilistic distance filtering,
the point will be inserted directly into the map using its
propagated prior pose information.

3) Extended Kalman Filter Update: Assuming the system
has obtained the updated state estimation x̄k-1 up to sampling
time k-1 with the corresponding updated covariance matrix

•

• Point with Covariance

Plane Normal
x

y

z

Voxel

Global Voxel Map

Fig. 3. Map structure of our system. The map is a collection of voxels
organized by a Hash table and octrees, each contains some points, a plane
center and the plane normal.

P̄k-1, the state propagation model described in [12] is uti-
lized to obtain the state estimation prior x̂k along with its
covariance matrix P̂k.

By combining the probabilistic point-to-plane match
method discussed in III-B-(2), the Maximum A Posterior
(MAP) estimate of the system state can be obtained. Specif-
ically, for an effective point-to-plane match, the observation
equation can be written as

rk = hL(xk,
Gugt

k , Ipgt
mk

,Gqgt
k ) + vk

= hL(xk,
Guk,

Ipmk
,Gqk)

= Gu⊤
k (

Gpmk
− Gqk)

= (Gugt
k ⊞ δuk

)⊤×
[(GTgt

Ik
⊞ δTIk

)(Ipgt
mk

+ δpmk
)− Gqgt

k − δqk
]

≈ (Gugt
k )⊤(GTgt

Ik
Ipgt

mk
− Gqgt

k )︸ ︷︷ ︸
a

+ JGTIk
δGTIk

+ JGuk
δGuk

+ JGqk
δGqk

+ JIpmk
δIpmk

(8)

where the rk is point-to-plane distance residual. And the ob-
servation noises vk ∼ (0,Uk) can be automatically calcu-
lated. The part a in equation (8) is zero, then JGTIk

δGTIk
can

be written as corresponding Hxk
δxk

since the IMU pose
T is contained in state vector x. Additionally, Uk =
Jvk

ΣGuk,Gqk,Ipmk
J⊤
vk

can be deduced from equation (8)
and

Jvk
= [JGuk

,JGqk
,JIpmk

]

= [(GT̄Ik
Ipmk

− Gqk)
⊤,−Gu⊤

k ,
Gu⊤

k R̄k]

ΣGuk,Gqk,Ipmk
=

[
ΣGuk,Gqk

0
0 ΣIpmk

] (9)

By combining state prior with the valid point-to-plane
match constraint, the MAP estimation of state x̄k represented
by δxk is as follows:

argmin
δxk

(∥rk −Hxk
δxk∥2Uk

+ ∥δxk∥2P̂k
) (10)

The first part is from observation model and the second
part is from the propagated state prior, ∥x∥2A = x⊤A−1x.
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Then x̄k = x̂k⊞δx∗
k, where δx∗

k is optimal solution of (10).
The updated covariance P̄k can be calculated similarly to
standard Kalman update.

Map1 Map2

Map1 Map2 Map3 Map4 Map5 Map6

time
Lidar measurement Map at different time

(a)

(b)

Fig. 4. The different map refreshment schemes. Arrows of the same
color represent point clouds from the same scan of the Lidar measurement.
The map is displayed with colors that change over time and with Lidar
measurements. (a) is scan-by-scan map refreshment scheme.(b) is point-by-
point map refreshment scheme.

C. Point-wise Map Refreshment

In the designed framework, the point-to-plane match and
subsequent state update step are executed point by point.
With the updated or propagated pose, each Lidar point is
registered into the global map to refresh the map. Fig.4
illustrates this process. The arrows with the same color
represent Lidar point measurement from the same Lidar scan,
and the color change indicates the map refreshment process
over time. There are two map refreshment methods:

For the first method (a), when the black scan is being
processed, each point searches for its corresponding plane in
the same Map1. The map is refreshed to Map2 only when
the last Lidar measurement point in this scan is processed.
However, registering one point into the map may influence
the matching results for its subsequent point during the
point-to-plane match process. To address this issue and get
more accurate match results, the point-wise map refreshment
strategy shown in (b) is designed, the map is refreshed point
by point in chronological order, which can provide a non-
delayed map for more accurate point-to-plane match during
point registration.

IV. EXPERIMENT

In this section, comparative experiments are conducted to
evaluate the performance of the proposed method in various
scenarios, including campus environment and challenging
scenes. To evaluate the accuracy of the proposed system,
Root Mean Square Error (RMSE, meters) of Absolute Pose
Error (APE) is chosen as evaluation metric [29]. Three state-
of-the-art systems are compared with our system: FAST-
LIO2 [11], which is a fast, robust, and versatile LIO frame-
work based on a highly efficient tightly-coupled iterated
Kalman Filter; PV-LIO, the IMU version of [27] open
sourced on Github; POINT-LIO [12], a robust and high-
bandwidth LIO, which is capable of estimating extremely
aggressive robotic motions.

OURS FAST-LIO2

POINT-LIO PV-LIO

Top-View

Top-View

Fig. 5. The mapping result of different methods on spms-01 sequence.

TABLE II
RMSE(METERS) OF ABSOLUTE POSE ERRORS IN EACH

SEQUENCE ON NTU-VIRAL DATASET.

SequenceSequenceSequence OURSOURSOURS POINT-LIOPOINT-LIOPOINT-LIO FAST-LIO2FAST-LIO2FAST-LIO2 PV-LIOPV-LIOPV-LIO

rtp-01 0.1641930.1641930.164193 0.822245 0.212089 0.287835

rtp-02 0.1226860.1226860.122686 0.163191 0.153968 0.934816

rtp-03 0.1679940.1679940.167994 0.19854 0.194075 0.302795

nya-01 0.172654 0.217402 0.1680790.1680790.168079 0.426442

nya-02 0.1696490.1696490.169649 0.215078 0.177101 0.381465

nya-03 0.1660270.1660270.166027 0.181894 0.178661 0.675788

eee-01 0.168155 0.188277 0.1583960.1583960.158396 4.112456

eee-02 0.1490970.1490970.149097 0.153966 0.169953 1.193780

eee-03 0.191080 0.197222 0.1792340.1792340.179234 0.465292

spms-01 0.2499910.2499910.249991 1.186950 1.827605 1.810679

spms-02 0.4607700.4607700.460770 0.581459 3.628222 2.073493

spms-03 0.1745620.1745620.174562 0.499331 0.762167 Fail

sbs-01 0.188178 0.191895 0.1838020.1838020.183802 1.015116

sbs-02 0.188612 0.198764 0.1865710.1865710.186571 0.210156

sbs-03 0.179076 0.183573 0. 1762880. 1762880. 176288 0.567280

AverageAverageAverage 0.1941820.1941820.194182 0.345319 0.557081 1.032671

All experiments are conducted in the Robots Operating
System (ROS) on a computer with an Intel i9-13900K
processor running at 5.80 GHz and 32 GB of RAM. It is
worth mentioning that the parameters of all these methods
are consistent across the experiments, except some unshared
parameters that are kept the default in their respective open
releases.

1) Campus Experiments: The accuracy evaluation exper-
iments of our system are under the public dataset NTU-
VIRAL [30], which is collected from an Unmanned Aerial
Vehicle (UAV) platform at Nanyang Technological Univer-
sity. The dataset consists of both indoor and outdoor scenes
within the university campus. It includes sensor data from
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TABLE III
RMSE(METERS) OF ABSOLUTE POSE ERRORS ON CHALLENGING SCENES.

MethodMethodMethod room-01 door-01 door-02 gate-01 urban-01 urban-02

POINT-LIO 0.3977480.3977480.397748 0.462816 0.331513 0.124248 1.775369 1.649443

FAST-LIO2 0.408284 0.470821 0.343297 0.130236 1.636718 1.1479001.1479001.147900

PV-LIO 0.399150 0.472770 0.331874 0.123611 1.355935 1.214043

OURS 0.398201 0.4425050.4425050.442505 0.3109800.3109800.310980 0.1137510.1137510.113751 1.3089171.3089171.308917 1.339033

SCENE Narrow room, Outdoor to indoor Outdoor to indoor, Campus gate, Urban street, Urban street,

short-term to outdoor, long-term short-term short-term long-term long-term

CHALLENGING Unstructured Scene change Scene change Dynamic Dynamic Dynamic
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Fig. 6. Trajectories reference to the ground-truth on sequence spms-01.

two 16-beam Ouster Lidars operating at 10 Hz, a VectorNav
VN100 IMU operating at 385 Hz. This dataset provides a
comprehensive and diverse set of data for evaluating and
validating the performance of the proposed system in real-
world scenarios.

Table II displays the results of the RMSE for all methods
evaluated. The best results are highlighted in bold. It is
evident from the table that our method achieves the best
average RMSE 0.194182m,where the failed sequences are
not included when calculating the average. In most environ-
ments, our system outperforms all other algorithms in terms
of accuracy, particularly in challenging scenarios such as the
spms sequences. It is worthwhile to note that the dataset on
spms-01 sequence is one of the difficult sequences, where
the environment is full of unstructured trees and the UAV
moves fast. To further demonstrate the high accuracy of
proposed method, the mapping result of spms-01 sequence
is presented in Fig.5. As can be observed, more point can
be reserved due to the point-wise point-to-plane match and

our method performs better in the mixed environment of
buildings and trees. The subtle structure of the trees is
accurately reconstructed and there is no blur on the walls
in contrast to the other three state-of-the-art methods. In
addition, the trajectories reference to the ground-truth on
NTU-viral dataset spms-01 sequence for all methods are
shown in Fig.6 and emphasized by the red box. Our trajectory
is closest to ground-truth when the UAV performs large-angle
turns, proving the improved performance.

The improved performance can be primarily attributed to
the proposed uncertainty-aware point-wise LIO framework
and the probabilistic point-to-plane match method. Based on
the map modeled in a probabilistic form, the accuracy of
the point-to-plane match in point registration is enhanced,
which can provide more precise constrain for state update.
In addition, by updating the system state at each Lidar
point measurement, Lidar in-frame motion distortion can be
effectively removed.

2) Challenging Scene Experiments: In order to validate
the robustness and applicability of the proposed framework
in complex environments, the results of experiments under
challenging datasets obtained from M2DGR [31] and Urban-
Loco [32] are listed in Table III. The room-01 sequence was
collected in a narrow, messy and unstructured room using
a handheld device, making it prone to get incorrect point-
to-plane match result. The door-01 and door-02 sequences
contain scenes involving indoor and outdoor switching. The
narrow doorway presents challenges as it can result in
unavailability of already established map. The remaining
three sequences involve scenarios with moving vehicles and
pedestrians, posing challenges for the system due to incorrect
map features in such dynamic environments. These datasets
are chosen to evaluate the performance of our method in
handling these challenging scenarios.

Table III presents the RMSE (meters) results of the exper-
iments. The best results are highlighted in bold. These ex-
perimental results demonstrate that the proposed framework
performs better in terms of accuracy under these challeng-
ing scenes, confirming the robustness simultaneously. The
proposed point-wise uncertainty-aware mapping method can
refresh map and their uncertainty at each Lidar point, which
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ensures that map features can be promptly supplemented
and updated, providing non-delayed map for more accurate
point registration, especially during fast movement and scene
switching.

It is worth mentioning that, although our method requires
processing thousands of points, it does not affect its real-time
performance.

CONCLUSION

In conclusion, this paper proposes a mapping uncertainty-
aware point-wise LIO system. Unlike most of the existing
methods, the framework designs a probabilistic point-to-
plane matching method during point registration in point-
wise LIO. To address the problem of Lidar in-frame motion
distortion, point-wise state update and map refreshment
methods at each Lidar point measurement are proposed,
which can also provide the system with a non-delayed map
for more accurate registration. The superior performance of
the proposed method is demonstrated through comparative
experiments on various public datasets. In the future, we will
improve our method to enhance robustness in some extreme
geometrically uninformative environments, such as mines.
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