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Dynamic Object-Aware LiIDAR Odometry Aided by
Joint Weightings Estimation in Urban Areas
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Abstract—Dynamic object detection from point clouds has been
widely studied in recent years to achieve accurate and robust
LiDAR odometry for autonomous driving. Satisfactory accuracy
can be achieved by dynamic object detection from point clouds has
been widely studied in recent years to achieve accurate and robust
LiDAR odometry for autonomous driving. Satisfactory accuracy
can be achieved by detecting and removing the object points in
the urban environment. However, it is still not clear how dynamic
objects numerically affect the performance of LiDAR odometry.
In addition, the existing solutions tended to directly remove the
LiDAR features belonging to the dynamic object, which can lead
to the degradation of the geometry constraints of the surrounding
features. This paper aims to give answers to these problems by
evaluating the effects of dynamic objects as well as reweighting
both dynamic objects and static objects. Three factors affecting
the performance of LiDAR odometry in highly dynamic scenarios,
including the number, geometry distribution, and velocity of the dy-
namic objects, are first extensively studied using generated scenar-
ios by leveraging real data. Instead of brutely removing the dynamic
features, this paper proposes to adaptively assign weightings to the
dynamic features. Then both the dynamic and static features are
employed to estimate the LIDAR odometry. The effectiveness of the
proposed method is verified using UrbanNav and nuScenes datasets
that include numerous dynamic and static objects. To benefit the
community, the implementation of the dynamic vehicle simulator
and the code for the proposed method are both open-sourced.

Index Terms—3D LiDAR, weighting estimation, dynamic
objects, urban areas, autonomous driving.

1. INTRODUCTION

IDAR odometry is challenged by dynamic objects in urban
areas: Simultaneous localization and mapping (SLAM)
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[1], [2], [3] is fundamental for most autonomous systems. The
three-dimensional (3D) light detection and ranging (LiDAR)
provides accurate and reliable 3D point clouds of the surround-
ings. Thus it has recently been widely utilized to provide position
and map solutions for autonomous systems [4], [5], [6], [7].
However, most existing LiDAR-based odometry [8], [9] meth-
ods rely on the assumption that the environment is static, where
they perform well with rich geometric information provided
by static measurements. Unfortunately, in urban canyons, the
odometry estimation suffers from significant degradation [10],
[11] due to excessively dynamic objects. The trailing smears,
produced by the accumulation of point clouds from the dynamic
objects, pollute the static point cloud and lead to incorrect data
associations [12], [13]. Such degradation of several popular
LiDAR odometry methods resulting from dynamic objects is
detailly reviewed in our previous work [14]. In summary, re-
sistance against dynamic objects is essential for accurate and
reliable LiDAR odometry in urban canyons.

Direct removal of dynamic objects can lead to LiDAR feature
geometry degradation: Lots of effort has been made to improve
the LIDAR odometry confronting dynamic objects [15], [16],
[17]. The most common way is that only static features are
remained and used for the odometry estimation, with dynamic
features detected and removed. Those existing work has two
key drawbacks: (1) In highly dynamic scenarios with numerous
moving objects, the remained static features after the removal
of excessive dynamic features provide insufficient constraints
for the odometry. The odometry degeneration is consequently
caused as shown in our previous work [18]. (2) The deep neural
network (DNN) [19] or conventional parameter-based methods
[20] capable of dynamic object detection is required to remove
them so that the odometry is free from dynamic measurements.
Therefore, the performance improvement of the odometry suf-
fering from dynamic objects is dependent on accurate detection
methods. Unfortunately, there is no effective remedy for false
detections which make the odometry even worse. To fill these
two gaps, this paper proposes a dynamic object-aware LiDAR
odometry method that effectively utilizes features from both
dynamic and static objects, providing sufficient constraints even
in highly dynamic scenes. Fig. 1 demonstrates the contributions
of our proposed pipeline, which are summarized as follows:

1) Numerical analysis of the impacts of dynamic objects on
LiDAR odometry: This paper investigates the impacts of
dynamic objects on the degeneration of LiDAR odometry.
Three key factors are taken into consideration including
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Fig. 1. Illustration of the contributions of this work. LiDAR points in a 3D
static environment are marked in grey. (a) Represent the scanned cloud in the
static environment; (b) the red cloud represents the dynamic vehicles produced
by the proposed vehicle simulator. It is integrated with (a) for investigating
the impacts of dynamic objects on the degeneration of LiDAR odometry; (c)
the grey cloud represents the simulated point cloud with dynamic objects (d)
the proposed joint weighting optimization for LIDAR odometry with dynamic
object awareness. There are both healthy features and ill features on static or
dynamic objects simulated based on (b). Healthy ones assigned with high weight
are marked in green. The unhealthy ones assigned with low weights are marked
in red.

the number, the geometric distribution, and the velocity of
the dynamic objects. For extensiveness and flexibility, the
investigation is performed by adding simulated dynamic
objects into real data, which could be custom-tailored by
the researchers. The implementation kit is open-sourced
to benefit the research society.

2) Adaptive weighting estimation of LiDAR features from dy-
namic objects: This paper proposes an adaptive weighting-
based LiDAR odometry method. Contributions from
available features are evaluated comprehensively so that
both static and dynamic features can be reasonably uti-
lized. The unhealthy features are automatically assigned
with low weights while healthy ones with high weights.
The false exclusion of feature subsets caused by the false
detection of dynamic objects is thus avoided.

The rest of the paper is structured as follows. The related
works are presented in Section II. An overview of the proposed
method is followed in Section III. Section IV elucidates the
degeneracy factors induced by dynamic objects, as well as their
corresponding scene generation by adding simulated objects.
The proposed LiDAR odometry with adaptive weighting is
presented in Section V. Numerous experiments were conducted
to verify the effectiveness of the proposed method in Section VI.
Finally, the conclusions and future perspectives are presented in
Section VII.

II. RELATED WORK
A. Degeneracy Analysis Caused by Dynamic Objects

To evaluate the influence of dynamic objects on the local-
ization and mapping problems, numerous literatures [21], [22]
were presented for visual-inertial odometry (VIO). In [23], it is
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proved that the VIO can be degenerated by a large number of
dynamic objects in urban scenarios. The work [21] investigated
the degeneration of the VIO referring to the pixel-based percent-
age of dynamic objects in highly dynamic environments using a
simulated dataset. Another team [24] explored the performance
degeneration of RGB-D SLAM in dynamic environments and
proposed motion removal to improve VIO. Such evaluation
works for LiDAR-based odometry is less in comparison. A
recent study [25] reviewed several LiDAR inertial fusion al-
gorithms and evaluated their performance in highly dynamic
environments. The work argues that integration with inertial
units can alleviate the degeneration of LiDAR odometry aris-
ing from dynamic objects. Our previous research [14] showed
that dynamic objects degenerated the performance of several
popular LiDAR odometry. However, no further investigation is
performed on the relationship between the degeneration and the
detailed status (such as the density, the velocity, etc.) of the
dynamic objects.

In short, these methods mentioned above proved the presence
of dynamic objects has impacts on localization and mapping
problems. However, there are still limitations on the quantita-
tive information of how the dynamic objects affect the state
estimation in the real world.

B. LiDAR Odometry With Resistance to Dynamic Objects

To mitigate the degeneration caused by dynamic objects in
LiDAR odometry, a random sampling consensus (RANSAC)
based method [20] was proposed to exclude dynamic objects
that are assumed to provide false feature associations. However,
the RANSAC is essentially a maximum consensus method that
rejects the minority. In highly dynamic scenarios, RANSAC
tends to fail due to the dynamic measurements account for a
large proportion. The Euclidean clustering method [26] was
adopted to classify and exclude the dynamic vehicles. However,
manual adjustment of the artificial threshold for classification is
required. Moreover, dynamic objects beyond the few predefined
categories couldn’t be recognized.

Change detection [27] was proposed to detect the dynamic
objects in point clouds leveraging the inconsistency check of
multi-epoch LiDAR data. Yoon et al. [28] exploited the discrep-
ancies between the query scan and the reference scan to identify
the potential dynamic points. In other words, the method aimed
to identify the inconsistency between the point clouds from the
consecutive frames. Another work in [17] proposed to exclude
dynamic objects from the point cloud based on the voxel ray
casting-based method. However, it is a time-consuming task as
it needs to traverse the voxel grid. To alleviate the computational
load, a range image-based visibility check was proposed in [29]
to remove the dynamic points on the map directly. However, this
method requires a good initial guess of the pose to be estimated
which is not readily available. In recent years, a large body of
deep learning-based algorithms are incorporated into LiDAR
odometry methods to detect dynamic objects, the removal of
which is performed before the odometry estimation [30]. LO-
Net [31] deployed a mask prediction network to minimize the
loss of LiDAR points that contain dynamic objects. Recent
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work [15] formulates the LiDAR measurements into range
images. Point-wise semantic labels indicating dynamic objects
are then produced based on RangeNet++ [32]. Our previous
work [33] showed an improvement in accuracy by proposing
a coarse-to-fine LIDAR odometry with the PV-RCNN [34]. An
unsupervised dynamic awareness LiDAR odometry method was
proposed in [16] where manual labeling and pre-training are
avoided. The dynamic objects were labeled automatically by an
occupancy grid-based method. Then the features located on the
dynamic objects are excluded from the odometry estimation.
However, in highly dynamic urban areas, excessive exclusion
of the LiDAR features arising from the dynamic objects can
lead to the geometry degradation of LiDAR constraints. Is it
possible to also make use of the detected dynamic features
instead of direct exclusion? Instead of directly excluding the
features from dynamic objects, the outlier mitigation methods
are investigated [35], aiming at reducing the large impact of
outliers in the optimization problem. Recent work in [36] com-
bines the graduated-non-convexity (GNC) and robust estimation
to resist outliers. The non-convexity induced by the robust kernel
is tackled through GNC. However, these methods relied on the
selection of the kernel parameters of those robust estimation.
Meanwhile, a good initial guess is required. In short, dynamic
features awareness for static feature selection is essential for
accurate and robust LIDAR odometry. It is still an open question
in urban canyons to reliably model and mitigate the impacts of
dynamic features.

III. OVERVIEW OF THE PROPOSED METHOD

Before diving into the details of the proposed method, nota-
tions in this paper are introduced first. Matrices are defined in
bold uppercase. Vectors are defined in bold lowercase. Variable
scalars are defined as lowercase italic. Constant scalars are
defined as lowercase letters. The following symbols are defined
and followed by the rest of the paper,
a) The LiDAR body frame at timestamp k is represented as
{.}**, fixed at the center of the onboard LiDAR sensor.

b) The world frame is represented as {.}W, which is aligned
with the initial position of the vehicle. For example,
T'], € SE(3)isdenoted as the LIDAR pose at timestamp
k in the world frame.

¢) The pose of the i-th dynamic object and static object is

denoted as T{ii and T{i ;- The translation part of T{(‘j}, ,and

T{ji is defined as P{&},i and p{ji, respectively. Dynamic
object body frame is defined as {.}“, which is fixed at the
axis origin.

d) The LiDAR point cloud collected at timestamp k is
represented as PLr which is the point set of {le’“,
pL2k" ....pL*}. Similarly, the dynamic objects, static ob-
jects and aggregated cloud in the LiDAR frame at times-
tamp k are represented as ?5’“, PLe and PLx | respec-
tively.

An overview of the proposed method is illustrated in Fig. 2.

The input of the system is the LiDAR point cloud, the object

database, and the object pose information. The output of the
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Fig. 2. Overview of the proposed method.

system is the pose estimation of the LiDAR odometry. The
pipeline mainly contains two parts: (1) the scene composition,
which aggerates ?5"’ and PLx with PL* to produce PLx. It
serves to investigate the impacts of dynamic objects on the
degeneration of the LIDAR odometry. Specifically, the dynamic
object from the object database could be aggregated with P*
arbitrarily, as its pose and velocity in the LiDAR body frame
are customized by the user. The static object from the object
database is anchored in {.}"" by the user. It could be aggre-
gated with P* via transformation from {.}" to {.}**. The
transformation matrix TLV’;, is provided by NovAtel SPAN-CPT.
The (2) part is dynamic object-aware LiDAR odometry (LO)
aided by weighting optimization. Planar features are extracted
from PL* and denoted as FL*. A local map is constructed by
planar features from several historical frames [37]. Each feature
in the current scan is associated with a planar patch in the
map. The total association cost is optimized to produce the pose
estimation. The conventional LO method is implemented in this
way [37]. Note that the weightings of the associations provided
by features on dynamic objects are jointly optimized in our
proposed method. The large residuals induced by ill-conditioned
associations on dynamic objects will be down-weighted and
minimized iteratively. The superiority of the proposed LO en-
hanced by the weighting optimization scheme in comparison
with conventional LO is evaluated using the composed scene
elaborated in the last paragraph.

IV. LIDAR ODOMETRY DEGENERACY INDUCED BY DYNAMIC
OBJECTS

This section defines the three characters to represent the
impacts of the dynamic objects on the performance of LiDAR
odometry, namely (1) the number of dynamic points that have
a direct impact on the data association of LiDAR odometry. In
particular, the denser number of dynamic objects is expected to
have stronger impacts on the LO. (2) the geometric distribution
of dynamic points, which affects the constraint of the state
optimization. In particular, it is expected that the uniformly
distributed dynamic objects would lead to less impact on the LO.
(3) the relative velocity of the dynamic objects, which explores
moving dynamic points related to the accuracy of LIDAR odom-
etry. In particular, the larger velocity of the dynamic objects
tends to lead to larger inconsistency in the feature association,
thus degrading the performance of LO.
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The listed three factors dominate the degree of degeneracy
of the LiDAR odometry induced by the dynamic objects. The
generation of the high dynamic scenario for further investiga-
tion of the LiDAR odometry performance is introduced in the
following section.

A. Number of Dynamic Objects

The number of dynamic objects is represented by the percent-
age of the dynamic features among the features utilized for the
LiDAR odometry estimation as follows,

Ny
D= —==
A

in which Nj denotes the total number of features utilized to
estimate TVEk. Ny 1. denotes the number of features located on
dynamic objects among N, . Intuitively, the larger number of
dynamic objects induces more incorrect data associations thus
heavier odometry degeneration.

ey

B. Geometric Distribution of Dynamic Objects

In the global navigation satellite system (GNSS), the dilution
of precision (DOP) is proposed to quantify the error in the
receiver positional measurement propagated from the satellite
geometry description [38]. Inspired by DOP, the covariance of
the error in translation estimation induced by the geometric
distribution of the dynamic object is represented as follows,

2

) 0L 0y0y 0.0

T - 2

Qg = (Jd’tJd’t) = |oyox 0, 0.0y 2)
00y 0,0y o?

in which ooy, with (-) representing z, y, or z, denotes the
covariance on the specific dimensions of the translation estima-
tion. J4,, denotes the Jacobian matrix of the association costs
produced by the dynamic planar features referring to translation
part t of the estimated pose,

Jaw = [Jare Jass Jame]” €eR™3(3)

For ¢-th planar point in the dynamic features, the Jacobian
matrix of residuals can be computed by [37],

O T 1x3
Jdi7t:8t_T:ni eR )

where ry; is the association residual. n; represent the normal
vector [37] of the planar patch corresponding to the i-th planar
feature. As clock bias [38] is not involved in LIDAR odometry,
the geometric distribution of the dynamic objects is inherited
from the position DOP (PDOP) [38] and represented as follows,

Dy = /o2 + 02 + 02 5)

Specifically, well-distributed dynamic features, such as those
evenly distributed, provide well-conditioned constraints for pose
estimation in comparison to those badly distributed ones. In this
case, the covariance of the translation error is supposed to be
small thus producing small D,. In other words, smaller Dy
reflects the better geometric distribution of dynamics, causing
slighter LIDAR odometry degeneracy.
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<—— Backscattering
effects

Fig. 3. Illustration of the hard target (vehicles, buildings) effect on LiDAR in
a challenging dynamic area (top: The graph view; bottom: The corresponding
real point cloud). The double arrow marked in red and grey indicates the
backscattering of dynamic vehicles and buildings on LiDAR, respectively. The
arrow marked in green illustrates the LiDAR points from the vehicles and
buildings while the arrow marked in blue illustrates the backscattering effects
on the bus. Most of the LiDAR points are hit on the dynamic object which
introduces a large number of outliers.

C. Relative Velocity of Dynamic Objects

The velocity of the dynamic objects relative to the LiDAR is
defined as follows,

L Lk
dek ~— Py

3 At

(6)

where the p5* € R? and pgk“ € R? represent the position of
dynamic features in the L frame and the Ly frame respec-
tively. || - || denotes the Euclidean norm of the vector. At denotes
the time between the two frames. Within a moderate region,
the larger relative velocity of the dynamic objects degrades
the LiIDAR odometry heavier as much false association would
be introduced. However, beyond this region, when the relative
velocity is significantly large, the dynamic object is lagging far
behind or moving far over the LiDAR respectively. In this case,
the dynamic objects couldn’t be observed in two consecutive
frames. Therefore, no degeneracy is induced as no association
is provided for the LiDAR odometry by such dynamic objects.

D. Dynamic Scene Generation

To generate a realistic dynamic scene containing numerous
vehicles, we initially delve into the LiDAR optical model. The
raw reflection data from LiDAR can be categorized into several
types [39], including solid targets (such as cars and pedestrians),
soft targets (rain, fog, dust, or snow) and noise-related measure-
ments. Our previous work [40] has assessed the performance of
LiDAR positioning under adverse weather conditions. In this
paper, our objective is to investigate the impact of dynamic
objects on the degradation of LIDAR odometry. In comparison to
adverse weather and noise factors, the influence of dynamic ve-
hicles on LiDAR primarily manifests as a backscattering effect.
Fig. 3 illustrates the backscattering effect on the transmission of
LiDAR signals hitting vehicles and buildings.
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Fig. 4. Demonstration of the simulated LiDAR point cloud. LiDAR points in
a 3D static environment are marked in grey, while dynamic object points are
labeled in red. (a) The point cloud in the static urban environment. (b) Highly
dynamic urban area with various real dynamic objects. The blue areas in (a) and
(b) represent the points blocked by the dynamic vehicle that is not scanable in
(b) using the proposed simulator.

The pulse propagation in the presence of scatter particles is
discussed in [39]. The impulse response of the LiDAR estimates
the transformation of the range and intensity of the original point
cloud and the modified cloud that contains dynamic objects. In
clear weather conditions, the impulse response function [39] of
LiDAR data can be derived as follows,

T (R)
R2

R is the range of the reflection point while 7(R) is the ratio of
the area illuminated by the transmitter and the area observed
by the receiver (7(R) normally equals 1 for larger than 2-meter
observation). py denotes the reflectivity of the target. For the
metal component of the vehicle, py can be larger than 10/7.
() is the Dirac delta function and Ry is the range of the hard
target. 0(x) equals zero everywhere except at R = Ry.

To verify the impact of the listed factors on the performance of
LiDAR odometry in dynamic scenarios, we leverage real-world
dynamic objects and static environments to construct realistic
scenes on top of the LIDAR model in (7). In particular, we build
a collection of dynamic objects using data collected from the
vehicle and exploit the ground truth information to generate
dynamic objects as well as static objects.

We argue that we can create more realistic dynamic scenarios
by exploiting the dynamic objects in actual data. To generate
such a simulation, numerous dynamic objects, including cars,
trucks, and double-decker buses, have been collected in different
urban areas using 3D LiDAR. Then, highly dynamic scenarios
can be constructed by transforming the i —th dynamic object

a.; to the specific locations T(L’; relating to the ego vehicle.

H(R) = - pod (R — Ro) (7N

P =T P, ®)

?ULL’; indicates the i-th dynamic object in the LiDAR frame.
Fig. 4 presents the composition of the dynamic objects and the
static environment (shown in Fig. 4(a)). Note that the points
blocked by the objects in Fig. 4(b) are missing as the vehicle
object is a hard target [39] for the LiDAR scanning system
in which the LiDAR plus is reflected once it hits the object.
Besides, a point cloud containing both dynamic and static objects
is required to evaluate the rejecting scheme of dynamic-aware
LiDAR odometry. The ground truth information provided by our
vehicle platform is exploited to transform the pre-defined static

Real object

Real object

Simulated object

73 [&]

Fig. 5. Tllustration of the simulated point cloud (c) and (d) that contained
objects that matched the real data in (a) and (b).

object P¢’; to the LiDAR local frame Pl

P = (T ) PY, ©)

TV[L/k represents the ego vehicle pose at timestamp £ in the world
frame. The detail of the dynamic scenario generation is shown
in Algorithm 1.

The generated PL*, which is to be used for LIDAR odometry
with dynamic object reweighting in the next section. Fig. 5
showcased the real-world point cloud and the simulated point
cloud generated using the proposed LiDAR simulator in two
different datasets. The simulated point cloud that contained
objects, matched closely with the real data.

V. LIDAR ODOMETRY AIDED BY WEIGHTING OPTIMIZATION

The conventional feature-wise LiDAR odometry [42] can be
expressed as,

2
e (1) |

1 m
T, = argmin J Z‘ (10)
T, i=1

m indicates the number of associated features while r"* repre-
sent the residuals from edges and planar features. This method
works well in a constrained environment without many dynamic
objects. Unfortunately, the conventional formulation suffers
from the incorrect data association produced by excessive dy-
namic features. Thus the pose estimation will be significantly

degraded [16]. To address these problems, this paper proposes
a novel term p(x) inspired by the switchable constraints [43],

Lk . 2
P (wi7rds,i) =W

where rdLj’ , represents the residual from both dynamic and
static LIDAR points.w; € [0, 1] denotes the switchable variables
associated with the dynamic residuals while & stands for the const
parameter for the switch prior constraints term. The switch-
able constraints can include or exclude the LiDAR features
through the associated weighting factor w;. The switchable prior
constraints are required to anchor switchable variables at their
initialization. All the initial values of switchable variables are
set to 1, which means that all the residuals are accepted as static
features in the beginning. Then, the LiDAR point is determined

Ly,

2
rol + E*(1— wi)Q

(11)
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Algorithm 1: Dynamic Scenario Generation.

Inputs: Original LiDAR point cloud at timestamp k as
PLx objects and their pose parameters

Outputs: The simulated point cloud fPaL k

Step 1: Initialize PL* « empty.

Step 2:  Object creation

* Step 2-1: Transform the dynamic object points
P =1{pP% 1,P% 25+ Py, ) Which docked at
the origin into the LiDAR local frame
{deﬁ, pfb’}‘w e pfb’},n} using the object
transformation via (7).

e Step 2-2: Transform the static object points
{p!". pKVQ, ...,pY,} into LiDAR local frame
{ps 17ps 2""
truth via (9) -

«  Step 2-3: Filtering the points in the PL* as PL* if the
line segments between LiDAR origin and the points
intersect with any objects based on LiDAR ray casting
[39], [41].

* Step 2-4: Composing the dynamic object points ?dL k

Ps n} using the ego-vehicle ground

and static points PL* over the PL*
PLr = ple 4 pln 4 Pl

* Step 3: Finish the algorithm and output the
aggregated point cloud as PL*.

as a static point if w; close to 1 or classified as a dynamic point if
w; near 0. Recall (9) and (10), the adaptively weighting LiDAR
odometry can be written as,

TKVk = argmin —

T{Vk w

O

ev 7 TL

k

S )
(12)

where W denotes the sets of weighting w; of each residual.
r* - indicates the residual from environmental points ?eka i
Ny ék indicates the number of associated LiDAR points from the
simulated objects. The process of the joint weightings estimation
is shown in Algorithm 2. To minimize the cost function (11), the

first-order gradient of p(x) relative to wj is defined as,

dp
awi

Ly
Tis K

= 2uw; —2k% (1 — w;)

13)

The optimal w; can be achieved where the gradient is zero,

2
w; = k (14)
k|| + 22

Algorithm 2: LiDAR Odometry Aided by Joint Weightings
Estimation.

Inputs: Aggregated point cloud ?(’;"“, environment point
cloud PL* and object point cloud P4* which
aggregated point cloud PL+ = {.‘Pm} , .‘Pj:}

Outputs: The optimal pose estimation T}

Step 1:  Extract features F, Li from fPL k

Step 2:  Obtain the residuals r’} and rdLS’” from
environment features and object features,
respectively

Step 3: For eachrl, € rl:

A squared residual function is applied via conventional

state estimation (10): ||lr}* e, H

End for

Step 4:  For each rd‘g LEry

A switchable constraint [43] 1s apphed based on (11):
p(wi ek ) = w? ekt |* 4 B2(1 - wi)?

End for

Step 5: Minimize the cost function to obtain optimal

2
w s 1 m Ly w
Ty < arvgvm1n§ {Zi:l ’ rok (T LA)H
TV,

+D o ds § (Wi» rd%z)}
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Fig. 6.
loss.

p(*) with respect to different w; if kK = 0.1. p represents the optimal

The optimal p can be computed by substituting (13) into (10),

2
k Hrdsz

5 (wz,rsg‘z) - (15)

k? + Hrds i

Figs. 6 and 7 show the adaptive loss corresponding to residual
rﬁs’i ; from [—1.0, 1.0] with various w; and k. As shown in Fig. 6,
the loss is a convex function except the w; = 0 when the gradient
is zero. Therefore, the weighting of the dynamic object which
is associated with a large residual can be optimized to near 0.
Fig. 7 represents that the increase of k£ will increase the loss,
which means a large impact on (12) compared to the residual
from static environments rf k. Determining a proper value for
the prior k is important for the reweighting scheme and we will
explain it in the experimental validation in detail.
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Fig. 8.  (a) Setup for the sensor platform in UrbanNav; (b) the evaluated static
scene and its ground truth trajectory.

VI. EXPERIMENT RESULTS
A. Experiment Setup

1) Sensor Setups: The performances of the proposed method
are evaluated using UrbanNav [44] and the nuScenes [45]
datasets.

Our recently open-sourced UrbanNav [44] dataset contains
the data from the Global navigation satellite system (GNSS), in-
ertial navigation system (INS), cameras, and LiDARs equipped
on the vehicle platform, as shown in Fig. 8(a). In addition,
NovAtel SPAN-CPT [46] integrates a fiber optics gyroscope
(FOG) and GNSS-RTK to provide the ground truth (GT) po-
sitioning. Furthermore, the measurements from SPAN-CPT are
further tightly coupled using the NovAtel Inertial Explorer [46]
software to provide centimeter-level positioning accuracy. In
this experiment, the point cloud is captured by the Velodyne
HDL-32E [47] at a frequency of 10 Hz. The ground truth of
the LiDAR pose is obtained from the NovAtel SPAN-CPT [46]
at a frequency of 100 Hz. The extrinsic spatial transformation
matrix between the two sensors has been calibrated in advance.
The timestamps of the two-kind sensor measurements are syn-
chronized with GPS time using pulse per second (PPS) signals
[48].

To increase the diversity of the evaluation, the nuScenes [45]
are collected in Boston and Singapore under various weather
conditions. The sensor setup for the nuScenes collection is
shown in Fig. 9(a). The 32-line LiDAR is utilized to provide
a point cloud at a frequency of 20 Hz. The ground truth, with
an error of less than 10 centimeters, is obtained through sensor
fusion and HD map. Besides, it provides 3D bounding boxes
and semantic-level annotation in keyframes (image, LiDAR and
Radar) for all objects.
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Fig. 9. Sensor setup for the nuScenes dataset collection; (b) bird view of a
typical scene in the nuScenes dataset. Parked trucks and buildings are pointed
out. The ground truth of the data collection vehicle is illustrated as a green curve.

Fig. 10.  Illustration of the simulated point cloud with different percentages of
dynamic objects: (a) 10% dynamic objects; (b) 60% dynamic objects.

Fig. 11.  Tlustration of the simulated point cloud (a) and (b) with vertical and
horizontal dynamic points distribution.

Fig. 12.  TIllustration of the simulated point cloud (a) and (b) with dynamic
objects at a relative speed of Sm/s.

2) Experimental Scenes: To verify the effectiveness of the
proposed method, we conducted numerous experiments in typ-
ical urban areas in Hong Kong. The urban environments are
collected in urban areas without dynamic objects, as shown in
Fig. 8(b). We first conducted the experiment in which the static
scenes were composed with different percentages of dynamic
objects (shown in Fig. 10). Then, we performed another ex-
periment in which the same amount of dynamic objects was
integrated into different directions under the LiDAR body frame
(shown in Fig. 11). Besides, we performed the third experiment
investigating the degeneracy caused by the speed of dynamic
objects (shown in Fig. 12). In the end, we evaluated the per-
formance of the proposed method using the integrated scenes
of UrbanNav and nuScenes, including both dynamic and static
objects (shown in Figs. 13 and 14).
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Fig. 13. Tllustration of the integrated point cloud with dynamic objects for

evaluation in UrbanNav. (a) the scanned point cloud at timestamp t; (b) the
scanned point cloud at timestamp ¢ + 1.

Dynamic
Objects

Fig. 14. Tllustration of the integrated point cloud with dynamic objects for
evaluation in nuScenes (the data contains parked bus). (a) the scanned point
cloud at timestamp ¢; (b) the scanned point cloud at timestamp ¢ + 1.

TABLE I
PERFORMANCE OF LIDAR ODOMETRY IN TERMS OF NUMBERS OF DYNAMIC
OBJECTS
Number of RMSE MEAN STD Max (m)
Dynamic Objects (m) (m) (m)
0% 0.170 0.147 0.085 0.569
10% 0.171 0.148 0.086 0.573
20% 0.181 0.158 0.088 0.572
30% 0.177 0.154 0.087 0.572
40% 0.191 0.167 0.091 0.566
50% 1.330 0.632 1.170 4.318
60% 2.998 1.682 2.481 7.146
70% 6.417 6.394 0.545 7.457
80% 6.484 6.459 0.566 7477

3) Evaluation Metrics: We first analyzed the performance of
LiDAR odometry with different levels of dynamic objects. Sec-
ond, the performance of the proposed method was evaluated via
the relative pose error (RPE) to investigate the local consistency
of the trajectory with standard practice [49].

To verify the effectiveness of the proposed method in this
paper, we evaluate the following method,

1) LO [42]: The conventional LiDAR Odometry.

2) T-LOAM [50]: The state-of-the-art LiDAR odometry
with outlier resistance. The truncated least squares method
is adopted to mitigate the effect of dynamic objects.

3) LO-R [33]: The LiDAR Odometry aided dynamic object
removal in our previous work.

4) LO-RW: The proposed LiDAR Odometry with dynamic
object reweighting. We use k£ = 0.1 for the penalty const
parameter in (11) experimentally.

B. Verification of LIDAR Odometry Degeneracy Induced by
Dynamic Objects

1) Verification of the Number of Dynamic Objects: Table 1
presents the performance evaluation of LiDAR odometry caused
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Fig. 15.  Illustration of the inverse condition number (ICN) from J gJ a with

different levels of dynamic points.

TABLE 1T
PERFORMANCE OF LIDAR ODOMETRY IN TERMS OF DIFFERENT GEOMETRIC
DISTRIBUTION D2 OF DYNAMIC OBJECTS AT 50% DYNAMIC OBJECTS

Scenario D2 RMSE MEAN STD

(m) (m) (m)
Sequence 1 0.00357 1.330 0.632 1.170
Sequence 2 0.00630 0.839 0.403 0.736
Sequence 3 0.00846 0.357 0.237 0.266

Sequence 1: the baseline scenarios with 50% dynamic objects; Sequence 2: rotate the
dynamic objects 90 degrees around the z-axis of the object to generate different
distribution; Sequence 3: relocate the objects 2 meters away around the egovehicle.

by the number of dynamic objects. The first column in Table I
indicates the different percentages of the dynamic object based
on (1). The first row in Table I shows the positioning error of
the static environments (0% dynamic objects). An RMSE of
0.170 meters was obtained with a standard deviation of 0.085
meters. Interestingly, dynamic objects with no more than 40%
have fewer effects on the state estimation, according to our
experiment results. The positioning error increased significantly
to 1.330 meters with a standard deviation of 1.170 meters after
the number of dynamic objects reached 50%. It can be shown
that the number of dynamic objects affects the performance
of LiDAR odometry gradually. The performance of 80% of
dynamic objects is much worse than that of the other methods,
up to 6.484 meters.

To evaluate the impacts of the dynamic points on the state
estimation, the inverse condition number (ICN) was proposed
in [51]. ICN is computed as the inverse of the ratio between max-
imum eigenvalue and minimum eigenvalue of J dTJ da, Where Jg
indicates the Jacobian matrix of the dynamic points referring
to the estimated state in this paper. A large ICN indicates
dynamic points affect the optimization heavily. Fig. 15 presents
the ICN of J% J4 from different levels of dynamic objects. The
constraint from dynamic objects increased if the dynamic objects
reached 40%, a similar phenomenon to the positioning error.
The dynamic objects (up to 60%) have fewer constraints after
100 seconds because there are some health measurements from
several high buildings (shown in Fig. 8(b)). However, a large
ICN can be seen if the dynamic objects are 70% and 80%, which
means that excessive outliers play a crucial impact in the final
optimization.

2) Verification of Geometric Distribution of Dynamic Ob-
jects: Table II presents the performance of the LIDAR odometry

Authorized licensed use limited to: Hong Kong Polytechnic University. Downloaded on December 09,2024 at 16:27:09 UTC from IEEE Xplore. Restrictions apply.



HUANG et al.: DYNAMIC OBJECT-AWARE LIDAR ODOMETRY AIDED BY JOINT WEIGHTINGS ESTIMATION IN URBAN AREAS

gx10° ' ' ‘ '
— Sequence 1
4+t — Sequence 2| |
z — Sequence 3
Q
2
0 . . . .
0 50 100 150 200 250 300
time (seconds)
Fig. 16.  Illustration of the ICN from J g.] 4 with different geometric distribu-

tions of dynamic points.

TABLE III
PERFORMANCE OF LIDAR ODOMETRY IN TERMS OF THE RELATIVE VELOCITY
OF DYNAMIC OBJECTS

. RMSE MEAN STD
Scenario D3(m/s) (m) (m) (m)
Sequence 1 3, right 0.198 0.167 0.106
Sequence 2 10, right 0.181 0.153 0.097
Sequence 3 20, right 0.178 0.148 0.098
Sequence 4 5, both 4.375 2.336 3.699
Sequence 5 10, both 8.192 4.688 6.717
Sequence 6 20, both 0.408 0.305 0.271

Djindicates the relative speed of the dynamic objects, while right and both
represent the placement of the dynamic objects on the right side and both sides.

with the different geometric distributions of dynamic objects.
Based on the results presented in Table 1, where a significant
positioning error was observed, we have chosen the 50% dy-
namic objects as our baseline verification. We then proceeded
to relocate these dynamic objects to create varied distributions
(shown in Fig. 11). The second column in Table II shows the
D2 values that belong to the distributions of dynamic objects
using (5). An RMSE of 1.330 meters was obtained with a
standard deviation of 1.170 meters from the baseline, which
D2 equals 0.00357 (50% dynamic objects). With increased D2,
the positioning error decreased significantly from 1.330 to 0.839
meters with a standard deviation of 0.736 meters. The accuracy
is further decreased to 0.357 meters by an increased value of
D2 in Sequence 3. It can be concluded that the more evenly the
geometric distribution of dynamic objects, the less accuracy of
the LiDAR odometry.

Fig. 16 presents the ICN of J} Jq from dynamic objects with
different geometric distributions. Lower ICN can be observed
from the dynamic objects once relaxing the geometric distribu-
tions.

3) Verification of Relative Velocity of Dynamic Objects: Ta-
ble IIT depicts the accuracy of the LIDAR odometry under differ-
ent conditions (shown in Fig. 12) of relative velocity. The second
column shows the different speeds of the dynamic vehicle, while
the third column demonstrates the positioning results of LIDAR
odometry. The results of Sequences 1-3 shown in Table III
indicate that only one moving vehicle has less impact on the state
estimation. The positioning error increased to 4.375 meters, with
a stand deviation of 3.699 meters after placing one more vehicle
on the left with a speed of 5 m/s. The error further increased
to 8.192 meters in Sequence 5 compared with Sequence 4 with
increased speed. Interestingly, the positioning error is extremely
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Fig. 17. Tllustration of the residual distributions of the compared scenarios on a

single epoch. The x-axis denotes the value of residuals. The y-axis represents the
volume associated with each bin of the residuals in the histogram. The residual
of the static feature is marked in green, while the residual of the dynamic feature
is marked in brown. The residuals are presented under scenarios (a) 20% of
dynamic objects; (b) 50% of dynamic objects; (c) 80% of dynamic objects; (d)
D2 value equals 0.00357; (e) D2 value equals 0.00630; (f) D2 value equals to
0.00846; (g) right site dynamic objects with relative speed 5 m/s; (h) both side
dynamic objects with relative speed 10 m/s; (i) both side dynamic objects with
relative speed 20 m/s.

reduced to 0.408 meters, with a standard deviation of 0.271
meters. The possible reason for this is that outliers with large
movements will be considered as corresponding features by the
data association using a k-d tree.

In short, the positioning results are affected by the relative
velocity factor, but faster speed might not lead to worse results.

4) Analysis of Residuals: To show further details of three
factors denominating the performance of LiDAR odometry, we
analyzed the residuals from evaluated scenarios, as shown in
Fig. 17. The x-axis denotes the value of residuals while the y-axis
denotes the volume associated with residuals in the histogram.

Firstly, Fig. 17(a) shows the residuals from 20% of dynamic
objects. Dynamic objects can be classified more easily as they
have large residuals. As a result, it has few effects on the
accuracy of the LiDAR odometry, which is shown in Table I.
With the increasing dynamic objects, the outlier residual is hard
toidentify as it also has alower value as static features (Fig. 17(b)
and (c)), resulting in a large positioning error.

Secondly, Fig. 17(d)-(f) shows the residuals related to dif-
ferent D2 values. It can be seen in Fig. 17(e) that the residuals
from the dynamic objects become larger as the increase of D2.
Therefore, the outliers can be mitigated if the distribution of the
dynamic objects is less evenly at the same number of dynamic
objects.

Thirdly, Fig. 17(g)-(i) presents the residuals in various dy-
namic objects with relative speed. Interestingly, dynamic objects
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TABLE IV
POSITIONING PERFORMANCE OF THE PROPOSED METHOD IN THE
MID-DYNAMIC SCENE (24% DYNAMIC POINTS)

Results LO T-LOAM LO-R LO-RW
RMSE(m) 0.206 0.096 0.147 0.118
MEAN(m) 0.144 0.081 0.142 0.113

STD(m) 0.147 0.053 0.038 0.033

1
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@ —e— LO-RW
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Fig. 18.  Positioning error of the four methods. The x-axis and y-axis denote
the epoch and error, respectively.

with large relative speeds have fewer residuals than dynamic
objects. We can conclude that the outliers with rapid movements
might not be associated with the corresponding features between
the concessive frames.

C. Verification of Reweighting LIDAR Odometry

1) Verification of Proposed Method in the Mid-Dynamic
Scene: To validate the performance of the proposed reweighting
method, experiments were conducted under the mid-dynamic
scene (24% dynamic objects, 30% static objects). Table IV
demonstrates the positioning results using the listed four meth-
ods, while Figs. 18 and 19 represent the positioning error and
trajectories of the listed methods. An RMSE of 0.206 meters
was obtained using the LO method, with a standard deviation
of 0.147 meters. With the help of truncated least squares, the
RMSE error of T-LOAM was reduced to 0.096 meters. -LOAM
demonstrated the most accurate among the four methods. The
RMSE decreased from 0.206 to 0.147 meters after removing
the object points. With the help of the proposed method, both
RMSE and standard deviation were reduced to 0.118 meters and
0.033 using the LO-RW method. The proposed LO-RW method
shows a better performance, especially under the turning area
marked in Fig. 19. We can confirm the effectiveness of the pro-
posed method in the mid-dynamic area. To further validate our
proposed method, another challenging experiment is evaluated
in the next section.

2) Verification of Proposed Method in the High-Dynamic
Scene: To challenge the performance of the proposed method,
another experiment was conducted in a harsh scene, which is
a highly dynamic environment with 40% moving objects. The
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Fig. 19. 2D positioning trajectories of the four methods. The x-axis and y-axis
denote the x and y directions, respectively. The black curve represents the ground
truth.

TABLE V
PERFORMANCE OF THE PROPOSED METHOD IN THE HIGH-DYNAMIC SCENE
(40% DYNAMIC POINTS)

Results LO T-LOAM LO-R LO-RW
RMSE (m) 1.340 5.660 0.146 0.110
MEAN(m) 0.759 5.555 0.141 0.102

STD (m) 1.104 1.084 0.035 0.041

results are presented in Table V to show the effectiveness of the
proposed LiDAR odometry. The T-LOAM fails to optimize the
trajectory, as presented in Fig. 21, owing to the incorrect outlier
rejection under a large number of dynamic objects. An RMSE
of 1.349 meters was obtained using the conventional LO method
with a standard deviation of 1.104 meters. The performance was
worse than the performance in the mid-dynamic scene due to the
excessive dynamic objects in this scenario. The error decreased
to 0.146 meters after excluding all the objects using LO-R.
With the help of object weighting optimization, the error was
reduced to 0.110 meters using LO-RW. The improvement in
the results shows the effectiveness of the proposed method for
LiDAR odometry in highly dynamic environments.

Figs. 20 and 21 show the positioning error and trajectories,
respectively. The more accurate trajectory is estimated using
LO-RW with the help of dynamic object reweighting. After
applying the object reweighting, the positioning performance
of LiDAR odometry is improved significantly in the dynamic
scene.

3) Verification of Proposed Method Using Nuscenes Dataset:
To evaluate the performance of the proposed method against
adverse conditions, the third experiment is conducted combined
with simulated dynamic objects from nuScenes [45] Dataset.
Table VI presents the positioning results. An RMSE of 2.592
meters was obtained using the conventional LO method with a
standard deviation of 1.755 meters. Similar to the high-dynamic
scene, the T-LOAM failed to optimize the trajectory thus causing
a large error. LO-R performance is worse than LO due to the
insufficient constraint after removing all the vehicle points, as
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Fig. 20.  Positioning error of the four methods in the high-dynamic scene. The

x-axis and y-axis denote the epoch and error, respectively. The orange box is the
area with dynamic and static objects.
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Fig. 21. Positioning trajectories of the four methods in the high-dynamic

scene. The x-axis and y-axis denote the x and y direction, respectively. The black
curve represents the ground truth. The orange box is the area with dynamic and
static objects.

TABLE VI
PERFORMANCE OF THE PROPOSED METHOD IN THE NUSCENES

Results LO T-LOAM LO-R LO-RW
RMSE (m) 2.592 6.043 5.069 0.729
MEAN(m) 1.907 5.729 4.354 0.446

STD (m) 1.755 1.922 2.595 0.576

shown in Fig. 22(b). LO-RW achieves the best accuracy with
an RMSE of 0.729 m. The superiority is benefited from the
reweighting strategy. It’s concluded that the effectiveness of
the proposed method is verified in extensive datasets. Fig. 1(d)
represents the final weighting for all the objects in the nuScenes.
Interestingly, the majority of points from the front side of the
dynamic vehicle were assigned to low weight due to inconsis-
tency, while the points from both sites of the dynamic object
were assigned to higher weight as the residual of point to surface
remained small, although the vehicle is moving forward. In
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Fig.22.  Example cloud in nuScenes (a) with dense objects marked in red; (b)
after the objects are removable.
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Fig.23. 3D Positioning error of the four methods in nuScenes. The x-axis and
y-axis denote the epoch and error, respectively. The orange box is the tunnel-like
area (see Fig. 22(a)) with dynamic and static objects. It has a negative impact
on state estimation.

addition, the static features were assigned high weighting, which
can positively contribute to the final optimization.

The positioning error and trajectories are illustrated in
Figs. 23 and 24, respectively. After applying the proposed object
reweighting, the positioning performance of LiDAR odometry
is improved significantly in this challenging scene. However,
we observed an unexpected error denoted by the orange box
in Fig. 23. It’s because the tunnel-like area provides insuffi-
cient vertical constraint even without dynamic object removal.
Therefore, additional sensors are required to achieve robust state
estimation.

4) Analysis of Weighting and Residual: As mentioned in Sec-
tion VI-A, the const penalty parameter for adaptive weighting
is set to 0.1 experimentally. Fig. 25 demonstrates the weighting
with different penalty parameters in one single epoch. It can
be observed from Fig. 25(a) that all the weighting for dynamic
objects is near 1 if the penalty parameter is set to 1. The final
residual of (11) is highly affected by the penalty term due to the
large residual raised by the penalty parameter. With the decrease
of the penalty parameter, the inconsistency (car front and rear)
of the dynamic objects between concessive epochs are assigned
with lower weighting, as expected, as shown in Fig. 25(b).
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- TABLE VII
Conventional RESIDUAL OF THE PROPOSED METHOD IN TERMS OF ITERATION IN ONE
1201 T-LOAM SINGLE EPOCH. EACH ITERATION WILL USE THE INITIAL GUESS FROM THE
PREVIOUS ESTIMATED STATE
100 LO-R
LO-RW . Static Residual Dynamic Total Residual
—_— Iteration Y
% 8ol GT (m) Residual (m) (m)
a', 1 9.588 0.805 10.393
"q'j 2 9.216 0.780 9.995
g 607 1 3 8.952 0.809 9.760
; 4 8.810 0.827 9.637
40+ ] 5 8.729 0.829 9.558
6 8.780 0.835 9.615
20} \ ] 7 8.775 0.834 9.609
\\ 8 8.775 0.833 9.608
0 ; I
-50 0 50 TABLE VIII

X (meters)

Fig. 24.  Positioning trajectories of the four methods in nuScenes. The x-axis
and y-axis denote the x and y direction, respectively. The black curve represents
the ground truth. The orange box is the area with a tunnel-like scene (see
Fig. 22(a)). It has a negative impact on state estimation.
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Fig. 25. Illustration of weighting by different penalty parameters of state
optimization. (a) Penalty parameter k = 1; (b) penalty parameter k = 0.1;
(c) penalty parameter & = 0.01; the lower weighting is indicated by red while
higher weighting is marked by green.

However, Fig. 25(c) shows that the weighting for both dynamic
objects and static objects is close to 0 if we further reduce the
penalty parameter to 0.01. All the objects have less constraint
on the state estimation. In other words, the performance of the

RESULTS OF COST BASED ON DIFFERENT INITIAL GUESSES IN SINGLE EPOCH

Offset (m) Iteration Cost Cost Change
1 2.715e+05 /
10 2 42.508 2.71e+05

3 22.886 19.622
4 22.842 0.042
1 2.701e+07 /

100 2 86.257 2.70e+07
3 23.790 0.963
4 22.826 0.029
1 2.684e+09 /
2 6.574e+05 2.68e+09
3 259.113 6.57e+05

1000 4 24.997 234.116
5 22.679 2.318
6 22.659 0.020

proposed method is similar to the LO-R method with dynamic
object removal.

To examine the residual of the optimization after applying the
dynamic object reweighting method, Table VII demonstrates
the residuals from different iterations with the estimated state
in terms of the static points and the object points. It can be
observed that the residuals of static points and total cost are
decreased gradually by increasing the number of iterations. The
reweighting scheme can provide a better initial guess for the
static feature association. Therefore, the performance of the
proposed method can be further improved by coarse-to-fine
optimization.

5) Analysis of Convexity: Toavoid our solution being trapped
in a local minimum within the possible solution space, we inves-
tigate the convexity of the state estimation using the proposed
method. We added a 10/100/1000 meters translation offset to
the initial guess of the state after feature association. Table VIII
shows the residuals are examined after each optimization using
Ceres Solver. It can be observed that the cost can be minimized
after server iterations even if the initial guess offset is 1000
meters. We can conclude that our problem is convex within less
than 1000 meters.

6) Analysis of Computational Time Cost: To investigate the
computational efficiency of the proposed method, the computa-
tion time cost of the evaluated method is presented in Table IX.
We compare the feature extraction, optimization processes and
total odometry using our evaluated dataset. In the optimization

Authorized licensed use limited to: Hong Kong Polytechnic University. Downloaded on December 09,2024 at 16:27:09 UTC from IEEE Xplore. Restrictions apply.



HUANG et al.: DYNAMIC OBJECT-AWARE LIDAR ODOMETRY AIDED BY JOINT WEIGHTINGS ESTIMATION IN URBAN AREAS

TABLE IX
COMPUTATION TIME COST OF THE EVALUATED METHOD

T- LO-
Results LO LOAM LO-R RW
MD Feat MEAN (ms)  14.5 24.4 14.8 15.0
eature  nrAX(ms) 206 48.0 24 22.1
Extraction
STD (ms) 2.0 4.1 2.1 2.1
MD MEAN (ms) 72.1 36.6 71.5 111.7
e . MAX(ms) 96.9 67.0 100.0 175.2
Optimization
STD (ms) 13.3 5.2 13.9 20.1
MD
Odometry MEAN (ms) 86.6 61.0 86.3 126.7
HD F MEAN (ms) 154 24.6 15.5 15.4
eature  NAX(ms)  22.0 43.0 212 21.0
Extraction
STD (ms) 1.8 3.7 2.0 2.03
HD MEAN (ms) 829 48.0 71.8 116.3
o MAX(ms) 111.8 73.0 108.8 196.3
Optimization
STD (ms) 17.2 12.0 15.8 26.9
HD
Odometry MEAN (ms) 98.3 72.6 87.3 131.7

MD is short for the mid-dynamic scene in Section VI-C (1) while HD is short for the
highdynamic scene in Section VI-C (2). ms short for millisecond. The time of odometry
equals feature extraction plus the optimization time.

phase, our proposed LO-RW required an additional 40 millisec-
onds compared to the LO mainly due to the estimation of more
parameters. Overall, the performance of the proposed method
can be real-time.

VII. CONCLUSION AND FUTURE WORK

This paper presents a comprehensive evaluation of how the dy-
namic objects degenerated the performance of LIDAR odometry.
Different from our previous work [33], this study reweights the
dynamic object, which improves state estimation both in highly
dynamic and adverse scenes. The experimental results show
the effectiveness of the proposed method, which overcomes the
traditional method and the method with dynamic object removal
[33].

In the future, generative artificial intelligence [52] for LIDAR
scene generation is an interesting topic for the evaluation of the
adverse conditions against LIDAR. Besides, we will investigate
the complementary of LiDAR and GNSS [53], [54] in order to
reduce the global positioning error for autonomous driving. With
the increasing deployment of roadside infrastructure, utilizing
the intelligent infrastructure [55] to enhance the performance of
LiDAR odometry is a future direction toward fully autonomous
driving.
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