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ABSTRACT Intelligent Vehicle (IV) research is gaining popularity due to the convergence of technological
advancements and societal demands, which also leads to the fundamental demand for precise localization.
However, the localization accuracy of most existing LiDAR Odometry methods is limited by the complex
environment and high-frequency motion, leading to unsatisfactory performance. Moreover, the point cloud
data generated by different LiDARs will possess different properties, such as spatial density, Field-of-
View (FoV), perception distances, etc., which may have a great impact on LO methods, and makes the
generalization of LO a noteworthy issue. To address these issues, we propose the method of Incremental
Direct LiDAR Odometry and Mapping (Inc-DLOM). Our proposed Inc-DLOM has the following key
contributions: 1) a voxel-to-voxel (V2V) scan matching scheme for scan-to-scan transform estimation;
2) the Incremental Voxel Mapping (IVM) method to incrementally update and maintain the historical
mapping information; 3) the Incremental GICP solver to refine the global pose by IVM. To evaluate the
performance in terms of accuracy and efficiency, extensive experiments have been conducted with both
mechanical LiDAR and solid-state LiDAR on different robotic platforms, including public datasets and real
robot data acquisition. The experimental results show that Inc-DLOM achieves better accuracy, efficiency,
and generalizability than other comparison state-of-the-art LiDAR Odometry methods.

INDEX TERMS Autonomous driving, LiDAR odometry, SLAM, 3D point cloud.

I. INTRODUCTION
Intelligent vehicles, also referred to as autonomous vehicles
are gaining popularity due to the convergence of techno-
logical advancements and societal demands [1], [2]. Precise
localization and orientation estimation are fundamental
objectives in autonomous navigation, which is of critical
importance for the safety of intelligent vehicles [3], [11].
Due to the high accuracy and long-range perception, Light
Detection And Ranging (LiDAR) has become one of the most
important sensors for intelligent vehicles to perform different
tasks [4], which raises the interest of LiDAR Odometry (LO)
research.

In the past decade, the research topic of LiDAR Odometry
(LO) has been extensively investigated, and the algorithms
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can be divided into registration-based methods and feature-
based methods based on point cloud data pre-processing [5],
[21], [26]. Registration-based methods mostly use the
Iterative Closest Point (ICP) algorithm [12] and its variants to
retrieve the pose from the registration results of consecutive
point cloud pairs, while feature-based methods often get
limited points with the hand-crafted extractor from the raw
data for computing the pose [5], [21], [23]. Registration-
based methods are often considered more accurate but too
time-consuming to support real-time localization tasks [20].
On the other hand, feature-based methods are less robust
in conditions where the feature extractor cannot get enough
data to compute the pose [6], [7]. In addition, both types
of LO methods rely on the storage of historical mapping
data to perform additional refinements, which raises the
challenges of memory and efficiency due to the mapping
growth. Furthermore, the performance of most existing
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LO methods is still to be enhanced, especially under the
challenging scenarios, including textureless environments
and high-frequency motions.

As a complement, solid-state LiDARs can offer dif-
ferent application scenarios than traditional mechanical
LiDARs [8]. Unlike mechanical ones, which scan their
surroundings through rotating structures, solid-state LiDARs
generate point cloud data with a silicon chip [9], [10]. Due to
different scanning principles, the point clouds generated from
solid-state LiDARs have unique characteristics. For small-
scale applications, such as Virtual Reality (VR) and indoor
navigation, solid-state LiDARs are essential in the SLAM
systems. However, most existing LO methods rely on data
formats that are specific to mechanical LIDARs (such as ring,
intensity, etc.), which makes them unavailable for solid-state
LiDAR applications. In addition, different versions of
mechanical LiDARs also have different characteristics, e.g.,
Field-of-View (FoV), number of channels, resolutions, etc.,
which are summarized in Table 1 [10], [34], [35], [36]. All
of these mentioned properties introduce discrepancies in the
point cloud data, and their implications for different LO
methods can be significant, which makes the generalization
of LO methods a key outstanding issue.

To address the issues above, we propose Incremental Direct
LiDAR Odometry and Mapping (Inc-DLOM) in this paper.
Inc-DLOM is a direct registration-based LiDAR Odometry
(LO) method, which is fast, computationally efficient, and
able to provide accurate pose estimation performance for
different types of LiDAR in multiple working scenarios. The
mapping result of Inc-DLOM is shown in Fig. 1. The main
contributions of this paper are summarized as follows:
• As a general LO method, Inc-DLOM is designed with-
out the details of the exact LiDAR type, which means
the proposed LO framework is generalized for differ-
ent robotic working scenarios, including mechanical
LiDAR and solid-state LiDAR for different robotic plat-
forms. The experimental results show that Inc-DLOM
is more accurate and efficient when compared with
different open-source LiDAR Ododmetry methods.

• A lightweight Generalized ICP (GICP) version [14],
called Voxel-to-Voxel (V2V) GICP is proposed. The
original point cloud data is transformed into a set of
voxels, and the optimization object is also transformed
into a ‘‘voxel-to-voxel’’ type, which will improve the
computational efficiencywithout reducing the necessary
information in the original data.

• We proposed an efficient mapping method called
Incremental Voxel Mapping (IVM) with pre-computed
voxels. The IVM implementation is based on spatial
hashing, which enables incremental insertion and update
of the historical mapping. The mapping construction is
quite efficient since every insertion contains only one
point cloud. With spatial hashing, the IVM can perform
neighbor searching at the computation complexity of
O(1). Then the global pose is refined by the Incremental
GICP.

The paper is organized as follows: in Section II, we review
the related works on the topic of LO; in Section III,
we present the details of the proposed LO; in Section IV,
the experimental results are shown and in Section V the
conclusion and future works are discussed.

II. RELATED WORKS
The fundamental work in LO research is scan-matching,
which addresses the problem of finding the relative pose (or
transform) between two robot positions at which laser scans
are taken. The most classical method for Scan-Matching
is Iterative Closest Point (ICP) [12] proposed in 1992,
which is a method that iteratively computes the SE(3)
transform between two 3D point sets by associating the
closest neighbors in different sets for each data point. In the
past decades, ICP-based methods have been extensively
investigated with various types of improvements [13], [14],
[15], [16], [17], [18], such as ‘point-to-plane’ ICP [13] with a
modified optimization objective. Generalized ICP (GICP) is a
variant of ‘plane to plane’ ICP [14] that considers point data
with probability density, making it one of the most popular
ICP-based methods with good accuracy and robustness.
Normal ICP (NICP) [15] is a powerful extension of GICP, this
method extends the R3 point data to R6, where the extended
three dimensions are normal vectors of local surfaces. GenZ-
ICP [19] proposes a method that combines different error
metrics within the ICP algorithm and introduces an adaptive
weighting-based optimization strategy, which allows it to
achieve good results in degenerate environments. Despite
its robustness and accuracy in real-world problems, ICP-
based methods are often considered too time-consuming and
computationally expensive for real-time robotics localization.
IMLS-SLAM [20] is an example with accurate estimation but
over 1.2 s per frame processing time, which can not meet
real-time localization requirements.

Feature-based LO methods are complementary to ICP-
based methods, one of the typical examples of feature-based
methods is Lidar Odometry and Mapping (LOAM) [21].
LOAM conducts a feature extractor based on the local
curvature values of the points and performs transformation
estimation between feature points instead of the full set of
point cloud data. In the pose estimation of LOAM, different
cost functions are defined for the edge, planar, and corner
parts. Meanwhile, a historical point cloud map is maintained
in the system for loop closure and back-end optimization
to reduce the accumulating error from the scan-matching
of consecutive laser scans. Several variants of LOAM-based
methods have been investigated in the past decade, and
most of them follow LOAM’s idea of feature-based scan-
matching. For example, LeGO-LOAM [22] optimized the
implementation of LOAM to make it lightweight enough to
support applications on the robotic platforms, F-LOAM [24]
optimized the computational speed of LOAM, PVE-LIOM
enhances the feature extration process by constructing the
2D scan image from LiDAR data [8], etc. ATI-CTLO
utilizes the PCA-based technique to handle the LiDAR point

6528 VOLUME 13, 2025



K. Fang et al.: Inc-DLOM: Incremental Direct LiDAR Odometry and Mapping

TABLE 1. Characteristics of different LiDARs.

FIGURE 1. Inc-DLOM Mapping Result. The proposed Inc-DLOM can achieve satisfying mapping quality on different datasets: (a) KITTI Dataset collected
by autonomous vehicle with Velodyne HDL-64E LiDAR. (b) NCLT Dataset collected by segway robot with Velodyne HDL-32E LiDAR. (c) SSL Dataset
collected by Intel-Realsense L515 LiDAR. The point cloud mapping shows that Inc-DLOM is generalized for different LiDAR working scenarios.

clouds and flexibly adjust the temporal intervals according
to the motion dynamics and environmental degeneracy [25].
However, feature-based methods are not as robust as direct
methods when the feature extractor cannot extract enough
accurate feature points, e.g., in textureless environments.
In addition, these hand-crafted feature extractors are often
computationally expensive.

Managing historical point cloud maps is essential for
computational efficiency and accuracy. Existing methods
often store and concatenate historical point cloud frames
and access them with data structures such as KD-Tree or
Octo-Tree to perform nearest-neighbor searches [27], [28].
Although special data structures can reduce computational
complexity, they are no longer efficient as the point cloud
mapping expands. This is because they usually require
continuous data structure reconstruction during the matching
process [21], which can make the scan-to-mapping module
slow and memory-intensive. Therefore, the appropriate
mapping management procedure for LO and the framework
to work with it remains an outstanding issue.

In most public LiDAR localization datasets, researchers
have focused more on data under autonomous driving scenar-
ios, e.g., KITTI [36], Oxford RobotCar [29], MulRan [30],
etc., where the robotic platforms are usually commercial
vehicles with smooth motion and non-drastic acceleration.

Concurrently, LiDAR is also used to localize robot platforms
with vigorous rotations and abrupt acceleration changes,
like the Segway robot of NCLT [34]. Most existing LO
methods do not perform well in these challenging environ-
ments, mainly because most of them do not consider point
cloud distortions within their frameworks and appropriately
address such issues. The method proposed in [5] utilized
modified Fast-VGICP [31] and pose graph optimization,
achieved good performance for different autonomous driving
scenarios. However, the performance for the high-frequency
robotic platform is still worth for improvement. Moreover,
solid-state LiDARs, such as the Intel Realsense L515,
possess different scanning paradigms and produce data
characteristics that diverge substantially from traditional
mechanical LiDAR [10]. This discrepancy renders existing
LO methods for mechanical LiDARs incompatible with
solid-state LiDARs. Consequently, the generalization of LO
approaches for different working scenarios and LiDAR types
is worth investigating.

III. PROPOSED METHOD
In this section, the details of the proposed LO are presented.
For the k-th point cloud input, noted as,

Pk = {· · · ,pi, · · · | ∀pi ∈ R3
} (1)
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Inc-DLOM is estimating the global pose Tk . ∀T ∈ SE(3) has
the general form of

T =
[
R t
0 1

]
(2)

where R ∈ SO(3) represents the rotation matrix, t ∈
R3 represents the translation vector. The point p can be
transformed by T as,

T ·p :=R ·p+ t (3)

These definitions will be adopted throughout the paper.

A. PREPROCESS
The point cloud will first be preprocessed, including the
downsampling by Voxel Grid Filter and the point cloud
deskew with the constant velocity model, shown in the light
blue part in Fig. 2. The point cloud data is recorded con-
tinuously while the robotic platforms perform ego-motions.
During point cloud data acquisition, severe accelerations and
rotations will cause LiDAR point cloud distortions and lead
to registration errors. In our proposed LOmethod, point cloud
deskew with the constant velocity model is also included in
the Preprocess part.

For Pk , the relative motion is defined as (4), which is
derived from Tk−1 and Tk .

1T = T −1k−1 ·Tk (4)

Then the motion velocity ξ ∈ se(3) is derived from (4) as
follows:

ξ =
Log(1T )

1τ
=

[
ω

ν

]
(5)

where 1τ is the relative time of single point cloud sensing,
which is usually around 0.1 s for mechanical LiDAR. The
operator Log(·): SE(3) → R6 is the matrix logarithm for
SE(3). ω and ν represent the lie algebra for the rotation and
translation parts respectively.

For the typical mechanical LiDAR sensing paradigm,
points in one point cloud are measured at different relative
timestamps. For pi ∈P , the data is measured with a relative
timestamp si ∈ [0,1τ ) from the first measurement. Then
∀pi ∈Pk is deskewed as:

pi = Exp(si · ξ ) ·pi (6)

where the operator Exp(·) : R6
→ SE(3) is the matrix

exponential for se(3).

B. SCAN-TO-SCAN (S2S) MATCHING
After the preprocess step, the k-th cloud data Pk is utilized
to compute the relative transform with the previous cloud,
which is denoted as T k

k−1. The process of Scan-to-Scan
(S2S)matching consists two steps, voxelization andVoxel-to-
Voxel GICP, for computing the voxels information and T k

k−1
respectively.

1) VOXELIZATION
Pk will be transformed from a point set into a voxel set Pk ,
defined as (7).

Pk → Pk = {· · · ,Vi, · · · } =
n⋃
i=0

Vi, Vi = {Ci,pi} (7)

In which, n is the size of Pk , Vi is the i-th voxel in the point
cloud data. Vi contains the local surface covariance Ci ∈R3×3

and the coordinate pi ∈R3. It is worth noting that the number
of voxels is much less than the original number of points since
pi that belongs to the subset ofPk is selected byApproximate
Voxel Filter [37]. Ci is computed from nearby points searched
by KD-Tree. In our implementation, NanoFLANN is used for
improving the computational computation efficiency [32].

2) VOXEL-TO-VOXEL (V2V) GICP
Other than aligning the points correspondences mentioned
in the original GICP paper [14], the key idea of V2V GICP
is the registration of the target set PT and source set PS ,
where the optimization problem is defined as (8). F(·, ·) is
the cost function taking two voxels as inputs, VSi ∈ PS and
its closest neighboring voxel VTi ∈ PT . 6 is the voxel-to-
voxel covariance defined in (9), in which CTi and CSi are voxel
covariances of VTi and VSi respectively.

T ∗ = argmin
T ∈SE(3)

∑
i

F(VTi ,VSi )= argmin
T ∈SE(3)

∑
i

||pTi −T ·pSi ||26−1

(8)

6 = CMi +R ·CSi ·R
T (9)

C. SCAN-TO-MAPPING (S2M) MATCHING
The proper mapping construction and storage method is
critical for LO’s performance since the pose estimation
often requires scan-to-mapping matching to eliminate the
accumulated error. However, the usage of local point mapping
in the direct LO is often considered as more memory and
time-consuming than the one in feature-based methods due to
the amount of data. To address this issue, we propose a novel
scan-to-mapping scheme that is computationally efficient and
can support lightweight, real-time mapping access.

1) GLOBAL VOXEL INFORMATION
As shown in Fig. 2, the voxel information (7) is recycled
for the S2M scheme, which is transformed into the global
frame to construct the historical mapping with the pose Tk .
The global voxel V∗i is calculated as

V∗i = Tk ·Vi := {Rk ·Ci ·RT
k , Rk ·pi+ tk} = {C∗i , p∗i } (10)

2) INCREMENTAL VOXEL MAPPING
It is apparent that the size of historical mapping will grow as
time passes for the LiDAR Odometry. Most keyframe-based
LO methods build the keyframes based on self-motions.
For general cases, the thresholds of rotation radians and
translation distances are set for keyframe insertion to the
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FIGURE 2. Inc-DLOM Framework. Inc-DLOM takes the point cloud Pk as input, and goes through the procedure of Preprocess. Then the
deskewed and downsampled point cloud is utilized for S2S matching to compute the relative S2S transformation (Scan-to-Scan
Transform) 1T . In the procedure of S2M matching, Pk is generated by the Voxelization step, and taken by V2V GICP. The proposed
Incremental Voxel Mapping (IVM) M will be updated by Global Voxel Information P∗

k . The global pose Tk is computed by the proposed
Incremental GICP method with the initial guess T 0

k .

historical mapping. Even if efficient data structures like
KD-Tree can be used for accessing the points, the operations
are still time-consuming and computationally intensive,
because keyframe insertion requires continuous data structure
re-built. For example, LOAM-based methods are often not
able to support real-time scan-to-mapping operation for every
incoming point cloud data, even though the mapping cloud
is processed with voxel grid downsampling. Besides, the
self-motion thresholds are hard to set without extensive try-
outs.

Incremental Voxel Mapping (IVM) is implemented based
on the spatial hash table to insert and update the historical
voxel mapping incrementally to address the mentioned
issues. Voxels are stored in the hash table and every one of
them is associated with the spatial key. To access one specific
voxel, only p∗i is needed to compute the spatial key as

key(V∗i )= floor(p∗i /SIVM ) (11)

where SIVM is the pre-defined voxel size parameter of IVM.
Since the hash mapping of the data is unique, V∗i can be
accessed with O(1) time complexity, which is essential for
efficiency. The hash function is defined as

h(p∗i )= h(x,y,z)= ((x ∗a) xor (y∗b) xor (z∗ c))%d

a= 73856093,b= 471943,c= 83492791,

d = 10000000 (12)

where the input of h(·) is the 3-dim spatial voxel coordinate
containing x,y,z, xor is exclusive OR, and % is the modulus
operator. By the hash function in (12), every incoming set of

Vi can be managed and stored in the hash table individually,
which allows efficient access in the following steps.

In our proposed method, IVM is continuously inserting the
incoming set of V∗i to expand the historical mapping, which
is denoted as

M=
M∑
j=0

n⋃
i=0

V∗i =
⋃

VM, (13)

where M is the number of point cloud frames, and the sum
operation means the concatenation of different voxel sets.
While expandingM, the voxels to be inserted are classified
into two types, new voxels V∗n and historical voxels V∗h ,
depending on whether key(V∗) is inserted into IVM before.
All V∗n will be inserted intoMwith the hash table process. V∗h
will be merged into the voxel with the same spatial key, which
is denoted as VM. The voxel merging operation is noted as
V∗r = V∗h ⊕VM, which is defined as the follows:

p∗r =
p∗h+pM

2
(14)

C∗r = (CM+C∗h + (pM−p∗r )(pM−p
∗

r )
T

+ (p∗h−pM)(p∗h−pM)T )/2 (15)

The operation allows IVM to update M incrementally
without storing the points data in voxels, which needs a
large amount of memory usage as the mapping expands,
as the traditional keyframe-based LO methods. Due to the
parallelism of IVM, multi-processing can be utilized in
our implementation to enhance computational efficiency.
To illustrate the effect of the mapping procedure in
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FIGURE 3. The visualization of IVM. (a) The plot of the point cloud
mapping. (b) The plot of IVM on the mapping.

Inc-DLOM, Fig. 3 shows the visualization of IVM in the
KITTI 00.

Fig. 3 (a) shows the mapping of the first 150 point
clouds without processing, and (b) shows the IVM of the
mapping, from which we can see that the IVM is ranging
the exact distance as the original point cloud mapping.
Table 2 shows the statistical comparison of the original
point mapping and IVM, the voxel size of IVM is 1.50m,
which gives rise to the best estimation result of Inc-DLOM
in the KITTI Dataset [36]. Through the Incremental Voxel
Mapping process, Inc-DLOM reduces the size of themapping
by hundreds of times, which is the reason why the scheme
becomes extremely lightweight and fast. The IVM procedure
proposed in this paper can preserve a huge amount of
historical point cloud information with only limited memory
costs. This property is essential for pose estimation since
historical mapping will be used for Scan-to-Mapping pose
refinement to eliminate accumulated drifting from Scan-to-
Scan alignment, and IVM canmaintain historical information
to an extremely large range with reasonable memory costs.

TABLE 2. Statistical results of the IVM.

3) INCREMENTAL GICP
Incremental GICP is the core part of the S2M matching
scheme, which is described in Algorithm 1. The algorithm
takes the historical mapping described in Subsection III-C2,
voxel set described in Subsection III-B1, and the initial guess
T 0
k ∈ SE(3) as inputs. T 0

k is computed from the previous pose
and relative S2S transformation as (16).

T 0
k = Tk−1 ·1T (16)

The difference between Incremental GICP and V2V GICP
is mainly on lines 5-8, where getting VM by key(Vi) is
the O(1) operation in IVM hash table instead of KD-Tree
searching, and the cost function will be constructed if the
voxel associated with key(Vi) can be searched in IVM.

The cost function of Incremental GICP is defined as (17),
which is solved by Gauss-Newton iteratively.

Tk = argmin
T ∈SE(3)

∑
i

F(VM,Vi)= argmin
T ∈SE(3)

∑
i

||pM−T ·pi||26−1

6 = CM+R ·Ci ·RT (17)

Ai,bi mentioned in line 9 of Algorithm 1 is the general
format of the nonlinear least-square problem ofAx= b, where
matrix L is the Cholesky square root of matrix 6 so that
6 = L ·LT .

Ji = L−1 ·
[
[T ·pi]×, −I3×3

]
(18)

Ai = JTi · Ji, Ai ∈ R6×6 (19)

bi =−JTi ·L
−1
· (pM−T ·pi), bi ∈ R6×1 (20)

Incremental GICP allows the proposed LO to perform fast
scan-to-mapping refinement, which improves the accuracy of
the direct point cloud registration, while barely increasing the
computation time. Table 3 shows the computational time cost
for every procedure in Inc-DLOM for a single LiDAR point
cloud frame measured in milliseconds (ms), here the voxel
size in IVM is 1.0m, which is verified by the best accuracy
test on the NCLT Dataset [34]. The results are tested by the
first 4000 frames inNCLT_1, mentioned in Section IV. From
Table 3, we can see that the procedure of S2M matching only
increases the computation time by less than 1 ms, which is
negligible for real-world applications.

Algorithm 1 Procudure of Incremental GICP
Input: historical mappingM, point cloud voxels Pk ,

initial guess T 0
k

Output: global pose Tk
1 Tk ← T 0

k ;
2 while Tk not converged do
3 A← 06×6, b← 06×1;
4 for i in {0, · · ·n} do
5 VM← getVoxel(M, key(Vi));
6 if VM ==∅ then
7 continue
8 end
9 Ai,bi←cost(VM, Vi);
10 A← A+Ai,b← b+bi;
11 end
12 δT ← GaussNewton(A, b);
13 Tk ← Tk · δT
14 end
15 return Tk

IV. EXPERIMENTAL RESULTS
A. EXPERIMENTAL SETUP
To evaluate Inc-DLOM’s performance and generalization,
we firstly performed experiments on multiple public datasets
with different working scenarios, the evaluation goes on
both accuracy and efficiency. Starting with the KITTI
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TABLE 3. Detailed time costs of subprocedures in Inc-DLOM.

FIGURE 4. Data Collection Robotic Platform.

Odometry Benchmark [36], the classical dataset for the
scenarios of autonomous driving localization. To test Inc-
DLOM’s performance on challenging scenarios, we evaluate
the performance with the NCLT Dataset [34] and Newer
CollegeDataset (NCD) [35], which are collected by a Segway
robot and hand-held device of high-frequency self-motions.
Fig. 6 shows the trajectories estimated by Inc-DLOM in
different data sequences.

In addition, we also collected the custom dataset with
our robotic platform, deployed with VLP-16 LiDAR, IMU,
MaxTang FP650 NUC [42], shown in Fig. 4. The data
acquisition scenario is in the corridor of PolyU buildings. The
selected corridors lack identifying objects and are filled with
plain walls, repetitive doors and windows, as shown in Fig. 6.
The chassis is a Magni Silver robot [33], a typical

differential drive robot. The control is highly dependent on
the feedback from wheel encoders, where the measurements
are noisy and easy to interfere by slippery, which makes
the robot containing uneven motions even with certain
control inputs. Both the textureless environment and irreg-
ular high-frequency motions formed a challenging working
scenario.

Besides, our proposed Inc-DLOM is tested with the
data collected by Intel RealSense L515 [10], which has
a different scanning scheme than traditional mechanical
LiDARs. The performance on solid-state LiDAR is essential
for the generalization evaluation. Finally, the computational
efficiency is also evaluated.

For all aspects of the experiments, we compare our
Inc-DLOM with different state-of-the-art open-source LO
systems, including feature-based LOmethods: Fast-LIO [38],
LINS [39], LIOM [7], and direct LO method: HDL-
SLAM [40] and Direct LiDAR Odometry (DLO) [26]. All
of the experiments are conducted with a platform based on
an AMD Ryzen 9 7940HS CPU with 4.00 GHz frequency.

B. AUTONOMOUS DRIVING SCENARIO
The evaluation is firstly measured based on the error metrics
defined by the KITTI Odometry Benchmark as translational

FIGURE 5. Data collection robotic platform.

drifting error in percentage and rotational drifting error in
degree of 100 m for all possible subsequences of length
(100,. . . ,800)meters. Table 4 shows the evaluation results, the
best results among the considered methods for each sequence
are highlighted with black bold.

We also compared the Absolute Trajectory Error (ATE)
[41], which is a more direct and intuitive error metric for
localization performance evaluation. ATE is defined as (21),

ATEi = T −1est,i ·Tref ,i (21)

where Test,i refers to the pose estimated and Tref ,i is the
ground truth, and the root mean squared error (RMSE) is
computed by (22).

RMSE =

√√√√ 1
N

N∑
i=0

ATE2
i (22)

We compared the translational part of the RMSE of
ATE, shown in Table 5, among which the best results
are highlighted in red. From the evaluation, we can see
that Inc-DLOM is able to achieve the best performance
in almost all sequences both in the drifting and ATE
evaluation. Although LIOM can get better performance on
Sequence 07 in the ATE evaluation, it is not comparable with
Inc-DLOM in both drifting and ATE in all other sequences.
Overall, Inc-DLOM is outperforming all chosen state-of-the-
art LO methods.
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FIGURE 6. Inc-DLOM Trajectories on selected dataset sequences. The figure shows the estimated trajectories of dataset sequences,
including multiple LiDAR types and different working scenarios. The plot of ground truths (dashed line) and estimated trajectories (blue)
shows good estimation performance of our proposed method.

TABLE 4. Translational drifting error (%) / rotational drifting error (deg/100m) evaluation of KITTI dataset.

TABLE 5. RMSE of ATE (m) Evaluation of KITTI dataset.

C. HIGH FREQUENCY MOTION SCENARIO
For robotic platforms with high-frequency self-motions,
SLAM algorithms on autonomous driving scenarios may not
be able to perform effectively, which makes it important
to evaluate the SLAM performance in this aspect. The
NCLT dataset is one of the typical datasets collected by a
Segway robot with Velodyne HDL-32 LiDAR [34]. We have
selected five sequences from the NCLT dataset, NCLT_1
(20130110), NCLT_2 (20120615), NCLT_3 (20120429),

NCLT_4 (20120115), and NCLT_5 (20120511). The Newer
College Dataset is collected by hand-held OS-128 LiDAR
with long trajectories and high-frequency rotations [35],
which is similar to the NCLT Dataset. We selected four
sequences from the Newer College Dataset, NCD_1 (2020-
03-10), NCD_2 (2021-11-30), NCD_3 (math-1), and NCD_4
(math-2). The evaluation of NCLT and NCD is shown in
Table 6. From the table, we can see that our proposed
Inc-DLOM outperforms all other benchmarks. LIOM and
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FIGURE 7. Performance on NCD-Math-Hard. (i) Estimated trajectory
(blue), comparing with the result from DLO (Orange). (ii) The mapping
result from Inc-DLOM.

LINS are typical methods that fail on robotic platforms with
high-frequency self-motions, while HDL-SLAM and DLO
are direct LO methods for comparison.

In addition, we also evaluated our method on an extremely
challenging dataset sequence, NCD-Math-Hard, which is full
of rapid rotations in different locations and easy to lead
tracking failure for SLAM algorithms. Fig. 7 (i) shows the
estimated trajectory of Inc-DLOM (blue), in comparison with
ground truth (dashed) and DLO result (orange), where the
other selected methods failed. From the figure, it is obvious
that DLO can track the motions in the beginning, however,
the performance is affected when the LiDAR is conducting
rapid rotations. On the contrary, our proposed Inc-DLOM can
achieve robust performance even with vigorous motions and
the trajectory is highly consistent with the ground truth. Fig. 7
(ii) shows the mapping result from Inc-DLOM.

FIGURE 8. RS-L515 Mapping Comparison. (i) HDL-SLAM failed to track the
motion of a solid-state LiDAR. (ii) The mapping result from DLO is better
than (i), but the zoomed views show many twisted objects mapping
views. (iii) Inc-DLOM can achieve good mapping results.

D. SOLID-STATE LIDAR SCENARIO
We also evaluate our Inc-DLOM on a dataset collected by
an Intel Realsense L515 solid-state LiDAR (RS-L515) [10].
Compared with mechanical LiDARs, RS-L515 produces
point clouds with a frequency of 30 Hz, smaller FoV, and
higher spatial density as shown in Table 1. The data has
different ranging distances and the points are not forming
the spatial rings as mechanical LiDARs do. These kinds
of unique information will make classical LO methods not
applicable, e.g., Fast-LIO, LINS, and LIOM, since their
feature extraction methods are highly dependent on the
properties of mechanical LiDARs.

Therefore, we compare themapping result of HDL-SLAM,
DLO, and Inc-DLOM on the dataset as shown in Fig. 8.
The mapping visualization of Inc-DLOM is shown in Fig. 8
(iii), in which two areas with distinctive features are zoomed.
DLO can handle the tracking scenario of solid-state LiDAR,
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TABLE 6. RMSE of ATE (m) evaluation of NCLT dataset and newer college dataset.

FIGURE 9. The point cloud mapping of different methods.

but different zoomed views show that the mapping quality
is not good. For point cloud mapping, shelves in the room

FIGURE 10. Zoomed views of different parts of point cloud mapping.

FIGURE 11. Computational Time per Frame (ms) Comparison.

are blurred and overlapped, and the view of the room also
shows inconsistency. The mapping result of the proposed
Inc-DLOM is much better as shown in Fig. 8 (iii), which
demonstrates that it can successfully handle the general
working scenarios on different robotics applications.

E. MAGNI ROBOT SCENARIO
As described in IV-A, we collected the dataset in a textureless
environment with 6820 frames of point clouds, associated
with IMU data of 200 Hz frequency. Only Fast-LIO and
DLO can generate proper mapping performance for the
corridor among all comparison methods. The point cloud
mapping concatenated by the estimated poses is shown as an
xy-plane view in Fig. 9. DLO can estimate the robot’smotions
properly in most parts of the trajectory but still generates
inconsistency in the mapping. Both Fast-LIO and Inc-DLOM
can provide proper estimation results, as their mappings
show a proper view of the corridor. However, Fast-LIO’s
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mapping consists of many blurred parts, which means the
estimation error is preserved in the estimation. In comparison,
our proposed Inc-DLOM can provide clearer and better point
cloud mapping. The zoomed views of different parts of the
point cloud are shown in Fig. 10.

F. COMPUTATIONAL EFFICIENCY
We evaluated the computational time per frame onKITTI_00,
NCLT_1, and NCD_1 sequences in comparison with other
methods. It is noteworthy that the various datasets employ
different types of LiDAR sensors, resulting in significant
variations in the size of the generated point cloud data.
The figure illustrates that our proposed Inc-DLOM method
achieves the fastest computational speed among all the
selected methods. Furthermore, the computational time of
Inc-DLOM remains relatively stable across different scenar-
ios, in contrast to other methods such as HDL-SLAM, LIOM,
and LINS, whose computation times increase significantly
when processing larger datasets. Overall, the experimental
results demonstrate that Inc-DLOM not only has the fastest
processing speed but also consistently achieves over 50 Hz
in a low-cost CPU environment. Its efficiency performance is
notably more stable compared to other benchmarks.

V. CONCLUSION
We proposed a novel LiDAR Odometry framework, Incre-
mental Direct LiDAR Odometry (Inc-DLOM) in this paper,
which is accurate, computationally efficient, and generalized
for multiple robotic platform working scenarios. Inc-DLOM
contains point cloud deskew via a constant motion model,
Voxel-to-Voxel GICP with the high computational efficiency
of scan-to-scan registration method, and a novel scan-to-
mapping refinement scheme based on Incremental Voxel
Mapping (IVM). Different mapping operations including
search, query, and access are within O(1) time complexity,
allowing scan-to-mapping refinement scheme to avoid exten-
sive time-consuming neighboring searches in the traditional
point mapping. Eventually, the various components are more
tightly integrated by the proposed Inc-DLOM framework.
Evaluation of Inc-DLOM on multiple aspects demonstrates
that it provides state-of-the-art localization for generalized
robotic platforms with real-time performance. As future
work, Inc-DLOM can be enhanced with additional sensor
inputs, such as IMU, to implement a multiple-sensor fusion
SLAM framework.
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