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Abstract—LiDAR-based SLAM, as a key high-precision pose
measurement technology for autonomous driving and embodied
intelligence, has attracted considerable attention. In addition,
to accommodate diverse platforms, various types of LiDARs
have emerged in recent years. Thus, it is imperative to design
SLAM systems capable of adapting to different types of LiDARs.
However, variations in scanning patterns among different LiDAR
types impose significant challenges to the cross-LiDAR com-
patibility of existing SLAM methods. Moreover, to enhance
the robustness and accuracy of these LiDAR SLAM systems,
many studies have integrated inertial data into the framework.
However, existing LiDAR-inertial fusion methods are mostly
tailored for specific LiDAR types, and the residual-level deep
fusion of IMU constraints with universal LiDAR processing
pipelines remains to be further explored. While state-of-the-art
(SOTA) methods have realized tight coupling of IMU and LiDAR
in back-end optimization, their poor adaptability to diverse
LiDAR scanning patterns and shallow fusion at the factor/filter
level restricts practical deployment in multisensor scenarios.
To address these challenges of cross-LiDAR type universality
and multisensor data synergy in LiDAR SLAM, we propose
universal tightly-coupled direct LiDAR-inertial odometry and
mapping framework (UD-LIOM), a universal tightly coupled
LiDAR–inertial odometry and mapping framework that makes
two major contributions. First, unlike existing direct LiDAR
SLAM methods that process each LiDAR point uniformly, UD-
LIOM leverages the common scanning “ring” structure across
different LiDAR types to develop a universal LiDAR measure-
ment data classification strategy. By dividing each LiDAR scan
into edge and planar points and performing dedicated registra-
tion with edge/planar submaps, UD-LIOM builds more precise
geometric constraints, thus enabling cross-type compatibility with
diverse LiDAR scanning patterns and enhancing pose estimation
accuracy. Second, in terms of IMU fusion, UD-LIOM integrates
IMU preintegration for front-end motion distortion correction
and fuses IMU preintegration residuals with LiDAR measure-
ment residuals into a unified multiconstraint optimization model,
realizing residual-level deep fusion to boost system robustness
across complex scenarios. Experimental results on public and self-
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collected datasets demonstrate that UD-LIOM achieves superior
measurement accuracy and system robustness compared with
other SOTA methods. For full reproducibility, all code and data
are available at https://cslinzhang.github.io/UD-LIOM
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I. INTRODUCTION

TO ACCOMMODATE diverse platforms and applica-
tion scenarios, various types of LiDARs have emerged

in recent years. However, existing LiDAR SLAM methods
exhibit a significant lag in iterative development, as they are
initially designed for only a few specific types of LiDAR
and have failed to fundamentally address the challenge of
measurement compatibility across different LiDAR types [1],
[2]. This limitation gives rise to multiple challenges: a sin-
gle SLAM system cannot be seamlessly deployed across
different platforms; upgrading to new LiDAR types often
requires redesigning specialized algorithms, sharply increasing
development costs. Moreover, limited compatibility reduces
adaptability to LiDAR variations, easily causing feature mis-
matches, registration failures, and localization drift, and even
safety risks such as collisions or robot tipping [3], [4], [5].
Although several cross-LiDAR type SLAM solutions [6],
[7], [8] have been proposed in recent years, most of them
remain confined to traditional mechanical LiDARs and main-
stream nonrepetitive scanning solid-state LiDARs (e.g., Livox
AVIA). Therefore, developing an efficient multisensor SLAM
system capable of adapting to a wider variety of LiDAR
types and meeting the demands of future LiDAR technologies
remains an urgent research problem in instrumentation and
measurement (I&M).

Existing LiDAR SLAM methods can be roughly categorized
into two categories: indirect methods and direct methods.
Indirect methods, typified by LeGO-LOAM [9] and LiLi-OM
[10], rely primarily on feature extraction to establish corre-
spondences, thereby constructing constraint models. However,
such methods exhibit strong dependence on LiDAR scan-
ning pattern—specific feature extraction strategies struggle
to adapt to LiDARs with different scanning patterns, signif-
icantly limiting their universality. In contrast, direct methods
(e.g., FSAT-LIO2 [6] and its variants [11]) eliminate the
need for feature extraction. However, the local normal vec-
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Fig. 1. (a) Localization and mapping result of the proposed method utilizing
RSM1 solid-state LiDAR. (b) Scanning pattern of the RSM1 solid-state
LiDAR presents the measurement results of different scanning “rings,” with
each “ring” depicted in a distinct color. The overlapping regions between adja-
cent “rings” introduce additional errors due to intrinsic parameter deviations
of the LiDAR, thereby affecting the overall system accuracy. (c) Points from
the RSM1 are colorized according to their timestamps with rainbow color
scale, while the gray regions represent the complete scan.

tor fitting mechanism applied uniformly to each point leads
to the loss of a substantial amount of valid point cloud
information—a drawback particularly evident in solid-state
LiDARs with a small field of view (FoV), which directly
undermines the robustness of these methods. Furthermore, for
emerging repetitive-scanning solid-state LiDARs (such as the
RSM1 LiDAR shown in Fig. 1(b) and (c), internal param-
eter errors cause consistency deviations in point cloud data
when adjacent “rings” repeatedly scan the same region. This
characteristic further exacerbates the accuracy degradation of
traditional direct SLAM methods based on local normal vector
estimation.

Additionally, to enhance the robustness and accuracy of
SLAM systems, numerous LiDAR-inertial fusion frameworks
have been proposed. State-of-the-art (SOTA) approaches
such as LIO-SAM, FAST-LIO2, and LINS achieve tight
LiDAR–inertial coupling in back-end optimization. Neverthe-
less, most existing methods implement fusion at the module
level, typically via factor-graph-based parallel fusion or filter-
based serial fusion. In addition, these tightly coupled strategies
are generally tailored to specific LiDAR types, and their
feature extraction and registration schemes lack universality
for diverse scanning patterns. Consequently, residual-level
LiDAR-inertial integration within a universal LiDAR pro-
cessing pipeline remains an open challenge for cross-sensor
compatibility.

As mentioned above, despite decades of advancements in
LiDAR-inertial SLAM research, two critical research gaps
remain unresolved: 1) enhancing measurement compatibility
and accuracy across LiDAR types and 2) achieving deeper
fusion of IMU and LiDAR measurement data for universal
systems. These two unresolved challenges are also the focus of
this article. In this article, we propose a universal tightly cou-

pled direct LiDAR-inertial odometry and mapping framework,
UD-LIOM—essentially a novel multisensor fusion system for
high-precision localization and mapping. Specifically, as a
tightly coupled LiDAR–inertial SLAM framework, UD-LIOM
first performs temporal synchronization between LiDAR point
clouds and IMU data, followed by motion distortion correction
of the raw point clouds using the synchronized IMU measure-
ments. The de-distorted points are then classified into edge
and planar points, which are, respectively, registered with their
corresponding submaps. Finally, a comprehensive optimization
model is constructed by fusing LiDAR measurements with
IMU preintegration, thereby achieving high-precision system
pose estimation.

Unlike existing direct methods that uniformly process each
point, this study is based on the common “ring” scanning
structure inherent to various types of LiDAR. Each point
is classified into three categories—valid edge points, pla-
nar points, and invalid points—according to the local range
smoothness of its neighboring points within the same “ring.”
Subsequently, the retained valid edge points and planar points
are used to establish correspondences with the corresponding
edge submap and planar submap, respectively. This not only
constructs a more refined LiDAR measurement residual con-
straint model, but also enables incremental construction of the
edge submap and planar submap.

By reconstructing the feature processing logic and inno-
vatively designing a classified submap registration mechanism
based on the common “ring” structure of diverse LiDAR types,
this method fundamentally resolves incompatibility issues
caused by scanning pattern discrepancies. This structural
optimization of the entire feature classification and regis-
tration pipeline preserves more effective point-level features
and breaks the adaptation limitation of traditional methods
(e.g., LOAM) to specific LiDAR types. Furthermore,
UD-LIOM integrates residual-level deep LiDAR-inertial
fusion into the universal LiDAR processing pipeline: IMU
preintegration is used for front-end motion distortion correc-
tion, and IMU preintegration residuals are jointly and equally
optimized with LiDAR edge/planar geometric residuals in the
back-end multiconstraint optimization model at each iteration.
This residual-level deep fusion realizes tighter coupling of
LiDAR and IMU information than the traditional factor/filter-
level fusion, and the systematic integration with universal
LiDAR processing makes the system maintain high robustness
and accuracy while adapting to diverse LiDAR types, which
is the key difference from existing fusion methods tailored for
specific LiDARs.

It is important to clarify the distinction between this work
and our prior study, D-LIOM [12]. D-LIOM focuses on
enabling high-precision 3-D tightly coupled direct LiDAR-
inertial odometry by integrating probabilistic scan-to-submap
direct registration with IMU preintegration and bias estima-
tion, under the assumption of relatively fixed and homo-
geneous LiDAR scanning configurations, which limits its
adaptability to heterogeneous LiDARs. In contrast, this work
addresses a fundamentally different problem: achieving mea-
surement universality across heterogeneous LiDAR types
with diverse and even repetitive scanning patterns. To this
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end, UD-LIOM abandons the probabilistic direct scan-to-
submap paradigm adopted in D-LIOM and instead introduces
a novel ring-structure-driven point classification and geometry-
aware submap registration strategy. By exploiting the scanline
(“ring”) structure shared across different LiDARs, points are
classified into edge and planar categories based on local
range smoothness, and dedicated geometric residuals are
established with corresponding submaps, thereby fundamen-
tally decoupling registration performance from sensor-specific
scanning mechanisms. Moreover, IMU preintegration is incor-
porated as an explicit constraint jointly optimized with LiDAR
geometric residuals in a unified multiconstraint framework,
enabling deeper LiDAR-inertial coupling than in D-LIOM.
As a result, UD-LIOM is not an extension of D-LIOM but a
fundamentally distinct universal LiDAR-inertial measurement
framework, designed to support mechanical LiDARs as well as
both nonrepetitive and repetitive scanning solid-state LiDARs,
addressing an urgent need for cross-sensor compatibility
in I&M.

The main contributions of this work are summarized as

1) A novel universal tightly coupled direct LiDAR-inertial
odometry and mapping framework, UD-LIOM, is pro-
posed. By employing a tightly coupled direct strategy,
the proposed method integrates a universal point cloud
classification and registration scheme with a residual-
level multiconstraint optimization model, which enables
strong adaptation to diverse LiDAR types while improv-
ing system robustness and accuracy.

2) A universal point cloud classification and registration
pipeline is proposed for various LiDAR scanning pat-
terns, via structural reconstruction of smoothness-based
feature processing and innovative classified submap
design. Leveraging the common LiDAR scanning “ring,”
all valid edge/planar points are retained with a dual-
threshold strategy for dedicated submap registration,
enabling cross-type LiDAR compatibility and mitigating
interring inconsistencies in repetitive-scanning solid-
state LiDARs.

3) A residual-level deep fusion framework that structurally
integrates universal LiDAR processing with tightly cou-
pled LiDAR-inertial optimization is proposed. By jointly
and iteratively minimizing LiDAR geometric residu-
als and IMU preintegration residuals within a unified
back-end formulation, the framework achieves deeper
cross-modal fusion, thereby enhancing system univer-
sality and robustness in complex environments.

4) Comprehensive qualitative and quantitative experimental
tests are conducted on both public and self-recorded
datasets. The results demonstrate that UD-LIOM
exhibits superior robustness and accuracy compared with
existing LiDAR SLAM methods.

The remainder of this article is organized as follows. Sec-
tion II provides a brief overview of related work and analyzes
the existing research gaps. Section III details the proposed
UD-LIOM framework. Comparative experiments and analysis
are presented in Section IV. Finally, Section V summarizes
our findings and discusses the future work.

II. RELATED WORK

In this section, we briefly review existing LiDAR odom-
etry and SLAM systems, categorized by LiDAR types and
IMU fusion strategies, including mechanical LiDAR-based,
solid-state LiDAR-based, and LiDAR–inertial fusion-based
approaches.

A. Mechanical LiDAR-Based Methods

In recent decades, mechanical LiDAR has rapidly advanced
and become one of the most widely used perception sensors in
unmanned intelligence applications, owing to its exceptional
measurement precision and reliable performance in complex
environments. Numerous LiDAR SLAM solutions have been
specifically developed for mechanical LiDAR systems, with
LOAM [13] standing out as a seminal approach. LOAM
extracts edge and planar features from point clouds and
constructs a cost function to estimate the system’s pose. Build-
ing upon LOAM, several methods have been proposed, with
LeGO-LOAM [9] emerging as a lightweight LiDAR SLAM
solution widely adopted in practical engineering applications.
LeGO-LOAM achieves real-time six degrees of freedom (DoF)
pose estimation by segmenting point clouds and utilizing par-
allel pose estimation techniques based on the segmented data.
Similarly, Wang et al. [14] introduced a novel ground segmen-
tation approach and enhanced feature extraction by considering
the curvatures of the point clouds. Based on LOAM as well,
Shan et al. [15] proposed LIO-SAM, a tightly coupled LiDAR-
IMU framework for mechanical LiDARs, based on factor
graph optimization. Subsequently, the same research team
further developed LVI-SAM [16], a LiDAR-visual-inertial
system designed for mechanical LiDARs. This system com-
prises two tightly coupled subsystems: LIS (extracts LiDAR
edge/planar features for scan-matching) and VIS (uses LiDAR
depth to optimize visual matching). LIS assists VIS initializa-
tion, while VIS provides LIS scan-matching initial guesses.
Around the same period, F-LOAM [17] was proposed as a
lightweight solution for mechanical LiDAR. It uses a non-
iterative two-stage method to correct distortion and weights
features by horizontal smoothness to improve matching stabil-
ity. Later, Wang et al. [18] introduced FD-SLAM, a feature-
and distribution-based LiDAR SLAM system designed for
mechanical LiDARs. FD-SLAM integrates feature-based fast
pose tracking with distribution-based keyframe matching,
combining efficiency and accuracy. Recently, Xu et al. [19]
developed an intermittent VIO-assisted LiDAR SLAM sys-
tem that incorporates a degeneracy recognition module and
intermittent VIO. In this system, LiDAR supports VIO ini-
tialization and depth association, while VIO provides initial
scan-matching poses for degenerate LiDAR.

Despite these advancements, these methods rely on the
360-degree scanning pattern of mechanical LiDAR and are
not directly applicable to other solid-state LiDARs.

B. Solid-State LiDAR-Based Methods

In recent years, to meet the application requirements of
platforms such as unmanned aerial vehicles and embod-
ied intelligence, various compact and low-power solid-state
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LiDAR systems have been developed. Concurrently, numer-
ous SLAM methods tailored specifically for these solid-state
LiDARs have also emerged. As a pivotal work in the
early development of solid-state LiDAR SLAM technology,
LOAM-Livox [20] addresses small-FoV and irregular-
scanning LiDAR issues (sparsity, mismatch, and blur) via
filtering, enhanced feature extraction, and motion compensa-
tion. Later, SOTA methods FAST-LIO [21], and its improved
version FAST-LIO2 [6] adopted iterative Kalman filtering
techniques to accurately estimate pose and are compati-
ble with nonrepetitive scanning solid-state LiDAR, such as
Livox AVIA. Afterward, Li et al. [10] proposed a tightly
coupled LiDAR-inertial odometry solution that leverages point
cloud features and exhibits compatibility with both mechanical
LiDARs and Livox AVIA solid-state LiDARs. As a leading
solid-state LiDAR, the Livox AVIA has become the core
platform for numerous recently proposed SLAM methods.
For example, the Livox AVIA-based system SLAM-TSM [22]
incorporates total station measurements as constraints within
graph optimization, effectively mitigating trajectory drift in
GNSS-denied indoor environments and enabling optimization
without relying on loop closure. Additionally, Wang et al.
[23] introduced a novel tightly coupled SLAM method for
the Livox AVIA, combining enhanced VIO with dual-domain
residuals and LIO with keyframe static point registration.
By fusing these modules with IMU data, the proposed
method achieves low end-to-end drift, particularly in degener-
ate sequences.

Despite the development of numerous methods for solid-
state LiDARs [10], [20], [21], [22], [23], these approaches
are specifically designed for nonrepetitive scanning patterns
(e.g., Livox AVIA and Livox MID-40) and encounter chal-
lenges when applied to repetitive scanning solid-state LiDARs
(e.g., RSM1).

C. LiDAR-Inertial Fusion-Based Methods

Dynamic environments and high-frequency vibrations
present significant challenges to LiDAR-based SLAM meth-
ods. Additionally, point cloud distortion caused by the low
scanning frequency of LiDAR and high-speed platform motion
further limits the performance of these systems. To mitigate
these challenges, fusing IMU data for pose estimation has
become an effective solution, and various LiDAR-inertial
fusion-based SLAM methods have been proposed. These
methods can be categorized into loosely coupled and tightly
coupled ones. Loosely coupled methods, such as LOAM [13]
and LeGO-LOAM [9], process IMU and LiDAR estimations
independently, then fuse the results to produce merged outputs.
In these approaches, IMU data is not directly involved in the
pose estimation process. Recently, Zhang et al. [24] proposed
a novel loosely coupled stereo VINS. In this method, IMU
independently estimates pose/bias via preintegration and VQF
(decoupling accelerometer inclination correction to avoid bias
impact), while the stereo visual module independently esti-
mates pose by fusing point-line features. These two modules
are fused through dual feedback loops without IMU pose
involving visual estimation, ensuring a front-end update rate
of over 30 Hz for resource-constrained platforms. In contrast,

tightly coupled LiDAR-inertial methods enhance robustness
and accuracy by integrating IMU measurements more tightly.
LINS [25] is a tightly coupled LiDAR-inertial odometry
method designed specifically for ground systems. It leverages
high-frequency IMU data to mitigate point cloud distortion
and employs iterative error Kalman filtering for joint opti-
mization of LiDAR and IMU data, refining pose estimation.
Another notable tightly coupled method is LIO-SAM [15],
which incorporates IMU preintegration into the optimization
factor graph, contributing to the overall optimization process.
Additionally, methods such as R2LIVE [26], FAST-LIO [21],
and FAST-LIVO [27] are all tightly coupled LiDAR-inertial
fusion-based methods for odometry and mapping, representing
significant advancements in the field.

These tightly coupled methods have fully validated
the effectiveness of fusing IMU preintegration constraints
into back-end optimization, laying a solid foundation for
LiDAR-inertial fusion. However, most of them adopt factor-
graph parallel fusion (e.g., LIO-SAM) or filter-based serial
prediction-update fusion (e.g., FAST-LIO2, LINS) at the mod-
ule level, lacking residual-level deep integration between IMU
and LiDAR constraints. In addition, most of these methods are
tailored for specific LiDAR types, and their feature extrac-
tion, registration, and fusion strategies lack universality for
diverse scanning patterns. When applied to repetitive-pattern
solid-state LiDARs [e.g., RSM1, as shown in Fig. 1(b)], mea-
surement errors induced by intrinsic parameter deviations can
significantly degrade system performance, and the traditional
module-level LiDAR-inertial fusion cannot be effectively uti-
lized to compensate for such deficiencies. Therefore, there is
an urgent need to develop a universal SLAM framework that
supports multiple LiDAR types (mechanical, nonrepetitive,
and repetitive scanning solid-state LiDARs), and systemati-
cally integrates residual-level deep LiDAR-inertial fusion with
a universal LiDAR processing pipeline. This integration can
leverage the tighter coupling of IMU’s high-frequency motion
residuals and LiDAR geometric residuals to make up for the
geometric feature deficiency of diverse LiDARs in complex
scenarios, which is a key research gap in the current cross-
sensor LiDAR-inertial fusion field.

III. METHODOLOGY

A. System Overview

As depicted in Fig. 2, the proposed LiDAR-inertial SLAM
framework first performs synchronization of the raw LiDAR-
IMU data. Then, the IMU preintegration results are utilized
to correct motion distortion in the point clouds, followed by
extracting edge and planar points through range smoothness
analysis. Subsequently, these features are registered with their
corresponding edge/planar submaps to establish geometric
constraints. After that, the framework performs joint optimiza-
tion of LiDAR measurements and IMU preintegration within
a multiconstraint optimization model, enabling incremental
pose estimation and map construction. To enhance global
consistency, sliding-window local optimization is utilized to
refine both poses and the map through secondary adjustments.
Finally, the system updates the global map based on the
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Fig. 2. Overview of the UD-LIOM. Initially, the raw point clouds and IMU data are preprocessed, including IMU preintegration, distortion correction, and
temporal synchronization between the LiDAR and IMU data. The undistorted point clouds are then classified into edge and planar points based on range
smoothness and registered with their corresponding submaps. Subsequently, LiDAR observation residuals and IMU preintegration are jointly used to build a
multiconstraint optimization model for local pose estimation and sliding-window optimization, yielding the system pose and global map. Finally, based on
localization and mapping results, the submaps are updated and incorporated into the processing of subsequent inputs.

estimated pose and maintains the submaps to facilitate efficient
matching and optimization for subsequent inputs.

B. Raw Measurement Preprocessing

Typically, the LiDAR scan at 10 Hz (yielding raw point
clouds every 100 ms), while the IMU operates at 100–200
Hz, providing data at 10–20× the LiDAR frequency. This
high-frequency IMU data enables critical functions such as
point cloud deskewing and local motion estimation. In this
section, we present details of the processing for these raw
data, encompassing the IMU preintegration and universal point
cloud classification.

1) IMU Preintegration: The IMU provides high-frequency
measurements of angular velocity (ω̃I) and linear acceleration
(ãI) in its local coordinate system. These raw measurements
are modeled as

ω̃I = ωI + ωb + ωn (1)

ãI = RIG
�
aIG − gG

�
+ ab + an (2)

where ωI represents the IMU angular velocity, and RIG is the
rotation matrix from the global frame (·)G to the IMU frame
(·)I , aIG and gG denote the IMU acceleration and gravitational
acceleration in the global frame, respectively, ab and ωb are
biases in acceleration and gyroscope measurements, while an
and ωn represent the measurement noise for acceleration and
gyroscope, respectively.

To correct LiDAR motion distortion and integrate IMU-
derived motion increments into pose optimization, the relative
rotation and translation between consecutive IMU nodes must
be estimated. Among these, the rotational transformation
between adjacent IMU nodes can be computed using the angu-
lar velocity model [(1)]. For the translation transformation,
velocity information over a local time interval is required,

as described by the acceleration model [(2)]. Therefore, the
velocity (∆ṽIi j), translation (∆ t̃Ii j), and rotation transformation
(∆R̃Ii j) between adjacent ith and jth IMU nodes are calculated
as

∆ṽIi j = RIi
�
ãI∆ti j

�
(3)

∆ t̃Ii j = RIi

�
ṽIi ∆ti j +

1
2

ãI∆ti j
2
�

(4)

∆R̃Ii j = Exp
�
ω̃I∆ti j

�
(5)

where RIi is the rotation matrix of the ith node, and ∆ti j is
the time interval between the ith and jth IMU nodes.

For LiDAR-IMU fusion, the cumulative transformation
between two LiDAR scans is obtained by chaining K inter-
mediate IMU preintegrations. The total rotation ∆RK and
translation ∆tK are defined as

∆RK =

KY
k=1

Exp
�
ω̃Ik · ∆tk

�
(6)

∆tK =

KX
k=1

RIk

�
ṽIk · ∆tk +

1
2

ãIk · ∆tk2
�

(7)

where ω̃Ik and ãIk are the kth IMU measurement within the
LiDAR scan interval.

2) Point Cloud Classification: One of the core contributions
of this method lies in fundamentally addressing the limited
compatibility of existing solutions when dealing with the
differentiated scanning patterns of various LiDAR types, espe-
cially repetitive scanning solid-state LiDARs (e.g., RSM1).
Inspired by the smoothness-based feature metric in LOAM,
we reconstruct the feature processing logic and design a
universal point classification scheme based on the inherent
scanning “ring” structure of all LiDARs—the core difference
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from LOAM is not the basic smoothness metric, but the
structural optimization of feature extraction logic and the
deep integration with a novel classified submap registration
mechanism. By analyzing the range smoothness between point
pLi and its 2N neighbors {pLi j }

2N
j=1 within the same scanning

“ring” [(8)], we classify the point pLi into three categories:
edge point, planar point, and invalid point [(9)]. Different from
LOAM’s segmented sparse feature selection (only 24 feature
points per frame for 360◦ mechanical LiDAR), our dual-
threshold strategy abandons complex screening rules (e.g.,
incident angle filtering and distribution uniformity constraint)
and retains all effective edge/planar points after filtering invalid
ones. This design realizes dense feature extraction, which
maximizes the use of sparse point cloud data from small-
FoV solid-state LiDAR and avoids the feature insufficiency
problem of LOAM in such scenarios. Moreover, our point clas-
sification is not an independent module—it is deeply bound
to the classified edge/planar submap registration mechanism
(Section III-C1). This closed-loop design completely abandons
LOAM’s cross-scan-line geometric fitting strategy, thus break-
ing the dependence on parallel scanning lines and adapting to
nonparallel, overlapping scanning rings of repetitive-scanning
solid-state LiDAR. Here, the range smoothness of point pLi is
given by

si =
1
N

0@ NX
j=1

ˇ̌
r
�

pLi
�
−
←−r
�

pLi j

�ˇ̌
+

NX
j=1

ˇ̌
r
�

pLi
�
−
−→r
�

pLi j

�ˇ̌1A
(8)

where r(·) denotes the range of the point, while ←−r (·) and −→r (·)
represent the ranges to the rear and front neighboring points
of pLi , respectively. Finally, the classification of pLi is detailed
as

pLi ⇒

(
si > τe, edge point
si < τp, planar point

(9)

where τe and τp are threshold parameters. When the smooth-
ness value si falls within the intermediate range (τp < si < τe),
the point pLi is classified as invalid and discarded.

To address the practical deployment challenge of parameter
adaptation across different LiDAR types, we further clarify the
intrinsic correlation between the neighborhood size N, smooth-
ness thresholds τe/τp, and LiDAR point cloud resolution
(i.e., the number of points per degree of FoV), and propose a
universal parameter configuration suitable for most scenarios.
The neighborhood size N is positively correlated with point
cloud resolution: for LiDARs with higher resolution, more
valid adjacent points are available within a single scanning
ring, and increasing N can obtain more reliable local geometric
statistical samples to enhance the stability of smoothness
calculation. For a lower resolution with limited valid adjacent
points, reducing N can avoid the distortion of smoothness
calculation caused by introducing too many nonneighboring
points due to an excessively large neighborhood range, ensur-
ing the validity of statistical samples. Both τe and τp exhibit
a positive correlation with point cloud resolution but differ
significantly in sensitivity: τe shows strong positive correlation
and high sensitivity—at high resolution, dense points accu-
rately quantify edge geometric mutations, leading to sharp

Fig. 3. Illustration of point cloud classification in different scanning patterns
of RSM1 and Livox AVIA LiDARs. For each point, neighboring points
along the same scanning line are first selected to calculate the corresponding
range smoothness value, after which the points are classified based on their
smoothness. This classification process is independent of the LiDAR scanning
pattern, enabling UD-LIOM to adapt to various types of LiDARs.

increases in smoothness values, and an appropriate increase in
τe filters out planar point noise-induced false mutations; at low
resolution, sparse points weaken edge mutation quantization,
requiring an appropriate decrease in τe to avoid missing real
edge points. In contrast, τp has weak positive correlation and
low sensitivity, as planar points’ smoothness values fluctuate
around extremely low values regardless of resolution, and
minor adjustments to τp are sufficient to adapt to different
LiDARs due to only slight noise deviations from resolution
variations.

Based on systematic verification across all experimental
LiDARs (covering mechanical, nonrepetitive scanning solid-
state, and repetitive scanning solid-state types) and combined
with most LiDARs’ point cloud resolution characteristics, the
universal parameter configuration is determined as N = 5,
τe = 0.5, and τp = 0.2. This configuration meets the
feature classification requirements of experimental LiDARs:
for high-resolution LiDARs, τe = 0.5 distinguishes real edge
points from planar point noise, and τp = 0.2 shields minor
planar point noise; for medium and low-resolution LiDARs, it
ensures no missing edge points or misclassified planar points,
balancing classification accuracy and practical engineering
applicability across various LiDAR hardware.

This point cloud classification strategy assigns a geometric
property to each point, obtaining rich point-level features for
pose estimation. Compared to traditional feature extraction
methods, this approach ensures higher feature density and
feature accuracy in complex scenarios, such as environments
with sparse texture or occlusions. This advantage is par-
ticularly beneficial for solid-state LiDARs, which typically
generate a limited number of points per scan. Moreover,
unlike other direct methods that uniformly process all points,
this approach determines point attributes solely based on
neighboring points within the same scanning “ring,” effectively
avoiding errors caused by internal parameter inaccuracies
in repetitive scanning patterns (e.g., RSM1 in Fig. 1).
As illustrated in Fig. 3, this classification scheme is
independent of the scanning pattern—a key advantage that
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enables our system to be compatible with various types
of LiDARs.

C. State Optimization

Following the aforementioned IMU preintegration and point
cloud classification, this section first elaborates on how to
construct a multiconstraint optimization model based on the
IMU preintegration results and LiDAR observations to achieve
accurate system pose estimation. Subsequently, the construc-
tion details of the sliding window and the map update process
are introduced.

1) Measurement Model and Cost Function: After the points
are processed by the proposed classification scheme, a valid
edge point set ({epLi }ni=1) and planar point set ({ppLj }mj=1)
can be obtained. To accurately estimate the system’s pose
and maintain the consistency of the global map, resid-
ual errors between these points and the local submap are
constructed and minimized. Notably, this study divides the
submap into edge submap eS and planar submap pS, which
is a core innovation different from LOAM’s cross-scan-
line geometric fitting. This design enables efficient parallel
dedicated registration of edge/planar points with their cor-
responding submaps, abandons the dependence on LiDAR
scanning line distribution (parallel/nonparallel), and constructs
more refined geometric constraints based on different point
types.

Specifically, the initial pose for optimization (RLG∗ , tLG∗ ) for
the current system is first determined based on the previously
estimated system pose and the latest IMU preintegration
results. Subsequently, we perform parallel processing on the
edge points {e pLi }ni=1 and planar points {p pLj }mj=1. Specifically,
each edge point e pLi ∈ {e pLi }ni=1 and planar point p pLj ∈
{p pLj }nj=1 are transformed into the global coordinate system
based on (RLG∗ , tLG∗ ) first. Subsequently, the iKD-tree is uti-
lized to retrieve the K = 5 nearest neighbors (denoted as
{peS

k }
K
k=1 and {ppS

k }
K
k=1) for e pLi and p pLj from their respec-

tive edge submap (eS) and planar submap (pS). After that,
we calculate the centroid ( p̄eS

i , p̄pS
j ) and covariance matrix

(eCi, pC j) of {peS
k }

K
k=1 and {ppS

k }
K
k=1, respectively

p̄
eS/pS
i/ j =

1
K

KX
k=1

p
eS/pS
k (10)

e/pCi/ j =
1
K

KX
k=1

�
p

eS/pS
k − p̄

eS/pS
i/ j

� �
p

eS/pS
k − p̄

eS/pS
i/ j

�>
(11)

and eigenvalue decomposition is performed on eCi and pC j,
respectively, to obtain their eigenvalues (λ1 < λ2 < λ3) and
corresponding eigenvectors (v1, v2, v3).

Since local points in eS usually exhibit a spatial linear
structure, it is assumed that the points in {peS

k }
K
k=1 are fit to the

spatial line Li. In this case, the eigenvector v3 corresponding
to the maximum eigenvalue λ3 represents the direction vector
of Li. Subsequently, we select two points on Li: pLi

s = p̄eS
i +

ηv3 and pLi
e = p̄eS

i − ηv3, where η is a scaling parameter set
to 0.1 in our work. Finally, the distance between the edge point

e pLi and Li is defined as follows:

eei =



��RLG∗ epLi + tLG∗
�
− pLi

s

�
×
��

RLG∗ epLi + tLG∗
�
− pLi

e

�


2

pLi

s − pLi
e




2

.

(12)
For local points {ppS

k }
K
k=1 in pS, which usually exhibit a

planar structure, it is assumed that these points can be fit to
the plane P j. In this case, the eigenvector v1 corresponding
to the minimum eigenvalue λ1 represents the normal vector
of P j, and it satisfiesh˚

p
pS
k − p̄

pS
j

	K

k=1

>
i

v1 = [0] ∈ RK . (13)

Therefore, the distance between the planar point ppLj and P j

is defined as
pe j =

ˇ̌̌��
RLG∗

ppLj + tLG∗
�
− p̄

pS
j

�> v1

ˇ̌̌
. (14)

Finally, combining LiDAR observations and IMU preintegra-
tion results, the system’s pose estimation is transformed into
the following nonlinear least-squares form:

ξ∗ = argmin
ξ

�
ee (ξ)> Σ−1

e
ee (ξ) + pe (ξ)> Σ−1

p
pe (ξ)

+ Exp
�
ξ−1� Z K

k=1
(δRk, δtk) dt

�
(15)

where ee(ξ) = [eei]n
i=1 ∈ R

n and pe(ξ) = [pe j]m
j=1 ∈ R

m.
The matrices Σ−1

e and Σ−1
p denote the inverse measurement

covariance matrices associated with edge points {epLi }ni=1 and
planar points {ppLj }mj=1, respectively. Both covariance matrices
are diagonal and adaptively constructed according to feature
fitting quality. Specifically,

Σe = diag
�
d̄e

1, . . . , d̄e
n

�
, Σp = diag

�
d̄p

1 , . . . , d̄
p
m

�
(16)

where d̄e
i and d̄p

j denote the mean distance of the K near-
est neighbors [(10)], retrieved via the iKD-tree, to their
fit edge line and planar surface, respectively. This adaptive
weighting mechanism assigns larger optimization weights to
geometrically stable features, thereby improving robustness
and convergence stability. The symbol ξ ∈ se(3) is the
six-DoF motion parameter vector between adjacent scans,
and the conversion process between the ξ and the system
transformation matrix is detailed in the Appendix. Addition-
ally, the IMU preintegration (

R K
k=1(δRk, δtk)dt) is described in

Section III-B1, where K is the number of IMU measurements
within the LiDAR scan interval, and dt is the time interval of
IMU measurements.

Different from traditional factor-graph-based parallel fusion
or filter-based serial fusion, the proposed multiconstraint
optimization framework achieves residual-level deep fusion
of LiDAR and IMU measurements. Specifically, LiDAR
edge/planar geometric residuals and IMU preintegration resid-
uals are integrated into a unified objective function and jointly
optimized within the same nonlinear least-squares formulation
at each iteration. This design enables inertial constraints to
directly regulate the pose estimation process throughout the
optimization, achieving tighter LiDAR-inertial coupling and
more comprehensive cross-modal information fusion for a uni-
versal LiDAR-inertial system. The details of pose estimation
for the UD-LIOM are summarized in Algorithm 1.
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Algorithm 1 : Pose Estimation for UD-LIOM
Input: Edge point set ({epLi }ni=1), planar point set ({ppLj }mj=1),

edge submap (eS), and planar submap (pS), IMU prein-
tegration (Iξ), the estimated pose from the previous scan
(ξP ), and the pose transformation between the LiDAR and
IMU (ξLI)

Output: The estimated pose ξ∗ of the current system #Parallel
1: for each edge point epLi in {epLi }ni=1 do
2: epGi = ξP · ξLI · Iξ · epLi
3: Register epGi to the edge submap eS and compute

residual term eei

4: eE += eei

5: end for
6: for each planar point ppLj in {ppLj }mj=1 do
7: ppGj = ξP · ξLI · Iξ · ppLj
8: Register ppGj to the planar submap pS and compute

residual term pe j

9: pE += pe j

10: end for#End Parallel
11: Estimate the optimal pose ξ∗ by solving (15)
12: return ξ∗

2) Jacobian of the LiDAR Measurements: To determine
the system’s pose by solving (15), the Jacobian matrix of
the LiDAR observation residuals is required. Specifically, the
Jacobian matrices of the edge point residual eei and planar
point residual pe j [given in (12) and (14), respectively] can be
uniformly expressed as follows:

e/pJ i/j =
∂e/pei/j

∂
�
rx, ry, rz, tx, ty, tz

�>
=

�
∂e/pei/j

∂rx
,
∂e/pei/j

∂ry
,
∂e/pei/j

∂rz
,
∂e/pei/j

∂tx
,
∂e/pei/j

∂ty
,
∂e/pei/j

∂tz

�>
(17)

where (rx, ry, rz) and (tx, ty, tz) represent the rotational param-
eters and translational parameters of the current scan in the
global frame, respectively.

Taking the Jacobian matrix of the point residual error e/pei/j

with respect to rotation around the x-axis, (∂e/pei/j)/(∂rx), as an
example, it is derived as

∂e/pei/j

∂rx
=

∂e/pei/j

∂e/ppGi/j
>

∂e/ppGi/j
∂rx

=
�
dx, dy, dz

� �∂RLG∗
∂rx

e/ppLi/j +
∂tLG∗
∂rx

�
=
�
dx, dy, dz

� ∂RLG∗
∂rx

e/ppLi/j (18)

where (dx, dy, dz) is the gradient direction. For edge point
residual error eei, this gradient direction is perpendicular to
the fit line Li�

dx, dy, dz
�

=
��epGi − pLi

s

�
×
�epGi − pLi

e

��
×
�

pLi
s − pLi

e

�
. (19)

For planar point ppLj , this gradient direction vector is the
normal vector v1 of plane P j. Here, pG = RLG∗ pL + tLG∗

in (18) and (19). Since the rotation matrix RLG∗ is parame-
terized by Euler angles (rx, ry, rz)

RLG∗ =

24cycz + sxsysz sxsycz − cysz sycx

cxsz cxcz −sx

sxcysz − sycz sysz + sxcycz cxcy

35 (20)

where (cx, cy, cz) and (sx, sy, sz) denote the cosines and sines of
(rx, ry, rz), respectively. Accordingly, the following expression
is obtained:

∂RLG∗
∂rx

=

24cxsysz cxsycz −sysx

−sxsz −sxcz −cx

cxcysz cxcycz −sxcy

35 . (21)

Similarly, the Jacobian matrix of e/pei/j with respect to the
translational component tx can be expressed as

∂e/pei/j

∂tx
=

∂e/pei/j

∂e/ppGi/j
>

∂e/ppGi/j
∂tx

=
�
dx, dy, dz

� �∂RLG∗
∂tx

e/ppLi/j +
∂tLG∗
∂tx

�
=
�
dx, dy, dz

� ∂tLG∗
∂tx

=
�
dx, dy, dz

�
(1, 0, 0)> . (22)

Finally, according to (18)–(22), the Jacobian of LiDAR resid-
uals eei and pe j are obtained.

3) Jacobian of the IMU Measurements: To support the
residual-level deep fusion of LiDAR and IMU in the universal
processing pipeline, we derive the Jacobian matrix of the
IMU residual for solving (15), which ensures the numerical
stability and computational efficiency of the LiDAR geometric
residuals and IMU preintegration residuals during the iter-
ative optimization process. Specifically, leveraging the IMU
preintegration method elaborated in Section III-B1, the pose
transformation Iξ ∈ se(3) between two adjacent LiDAR scans
is calculated, and the IMU residual term Ie is defined by the
IMU measurements Iξ and system pose increment δξ ∈ se(3)

Ie = Iξ
>
− δξ>. (23)

Therefore, the Jacobian matrix IJ of the residual term Ie is
given as

IJ =
∂Ie
∂δξ

=
∂
�
Iξ
>
− δξ>

�
∂δξ

= −I6×6. (24)

4) Sliding Window Optimization: Pose estimation achieved
solely through scan-to-submap matching performs poorly in
terms of robustness and accuracy, especially for solid-state
LiDARs with a limited FoV. To address this issue, we employ a
sliding window optimization framework that incorporates new
LiDAR pose nodes and IMU nodes as optimization variables
while marginalizing older ones, thereby maintaining a fixed
window size for pose constraints. Subsequently, the pose
transformation relationship between LiDAR measurements
and IMU preintegration is utilized to establish pose constraints
within the factor graph. This local pose optimization graph
iteratively refines each pose estimate, significantly enhancing
the pose accuracy of the system.
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TABLE I
PUBLIC DATASET DETAILS

5) Mapping Update: Through the above steps, the system’s
current high-precision pose information is obtained. Timely
updating of the system state is crucial for the efficient process-
ing of subsequent point cloud and inertial data. In this method,
the local submap is divided into two parts: an edge submap
and a planar submap, which, respectively, establish constraints
with acquired edge points and planar points. Therefore, it is
necessary to update both the edge and planar submaps after
obtaining the current system pose. Specifically, based on the
global pose of the system, the edge and planar points of the
current scan are first incrementally integrated into their corre-
sponding maps. Then, a fixed-size cubic region is constructed
in the global coordinate frame, centered at the current system
pose. The edge and planar maps within this region serve as the
updated edge and planar submaps, providing constraint support
for the registration and optimization of subsequent point cloud
data. More related details can be found in [6].

IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Datasets and Implementation

To evaluate the performance of UD-LIOM across diverse
environments and LiDAR types, we conducted comprehensive
qualitative and quantitative analyses focusing on robustness,
accuracy, and efficiency. Experiments were performed on
publicly available datasets—KITTI [28], BotanicGarden [29],
M2DGR [30], and NCLT [31]—which cover varied scenarios
and include multisensor data. Detailed dataset specifications
are provided in Table I. Additionally, to further validate
UD-LIOM’s robustness and applicability, we also tested it
on self-recorded datasets using a Velodyne VLP16 (mechan-
ical LiDAR) and an RSM1 (solid-state LiDAR), alongside
a 100 Hz IMU. Our handheld data collection platform is
depicted in Fig. 4. Implementation-wise, UD-LIOM was devel-
oped in C++ within the ROS (Robot Operating System).
Experiments were conducted on a laptop with Ubuntu 18.04,
equipped with an Intel Core i7-6820EQ ×8 and 32 GB RAM,
without GPU acceleration. For comparative analysis, we
evaluated UD-LIOM against SOTA LiDAR SLAM methods:
A-LOAM [13], LIO-mapping [32], LINS [25], LeGO-LOAM
[9], LIO-SAM [15], LOAM-Livox [20], LiLi-OM [10], and
FAST-LIO2 [6].

Fig. 4. Our handheld data collection platform.

TABLE II
ADAPTABILITY OF UD-LIOM AND COMPETING METHODS

ACROSS VARIOUS LIDAR TYPES

B. Comparative Analysis of Universality

To evaluate the compatibility of UD-LIOM with LiDARs
employing different scanning patterns, this section presents
a comparative analysis between UD-LIOM and other SOTA
LiDAR SLAM methods, with a particular focus on their
adaptability to diverse LiDAR types. As shown in Table II,
UD-LIOM exhibits strong compatibility not only with tradi-
tional mechanical LiDARs but also with the widely adopted
Livox AVIA. Furthermore, UD-LIOM demonstrates effective
adaptation to the novel RSM1 solid-state LiDAR. The RSM1 is
a lightweight, high-precision solid-state LiDAR characterized
by its repetitive scanning pattern and small FoV (as shown
in Fig. 1). It has been successfully deployed across vari-
ous platforms, including automotive applications that require
reliable operation under challenging conditions such as high-
frequency vibrations and extremely low temperatures. To the
best of our knowledge, UD-LIOM is the first published LiDAR
SLAM framework verified to be compatible with RSM1, fully
demonstrating its exceptional universality across LiDARs with
different scanning patterns.

C. Ablation Analysis of Core Modules

The core design of UD-LIOM comprises two synergistic
modules: 1) ring-structure-based point cloud classification
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TABLE III
COMPARISON OF MEAN APE AND RPE RMSE IN THE KITTI DATASET

TABLE IV

COMPARISON OF MEAN APE AND RPE RMSE IN THE M2DGR DATASET

with submap registration and 2) LiDAR-inertial multi-
constraint back-end fusion. To validate the necessity and
functional contributions of each core component, two abla-
tion experiments are conducted: feature module ablation
(removing edge/planar points) and sensor fusion ablation
(removing the IMU back-end fusion factor). Notably, the
KITTI dataset—an extensively used benchmark for LiDAR
SLAM research—lacks valid high-frequency IMU data, which
is insufficient to support reliable IMU-related ablation exper-
iments. Thus, feature module ablation results are derived
from Table III (KITTI dataset), while sensor fusion ablation
experiments are performed on the M2DGR dataset (equipped
with complete high-frequency IMU data), with corresponding
results quoted from Table IV. The root-mean-square error
(RMSE) of both absolute pose error (APE) and relative pose
error (RPE) was computed as metrics, defined as follows:

APE =

r
1
N

XN

i=1




log
�
T−1

gt, iTest, i
�∨


2

2
(25)

RPE

=

r
1

N − 1

XN−1

i=1




log
�
T−1

gt, iTgt, i+1
�−1�T−1

est, iTest, i+1
�∨


2

2
.

(26)

For the feature module ablation, the ring-structure-based
point cloud classification strategy categorizes valid points
into edge and planar points. Experimental results indicate
that removing planar points leads to an approximately 29.3%
decrease in pose estimation accuracy. Additionally, remov-
ing edge points directly causes rotational estimation failure:
as widely distributed geometric primitives, edge features
are highly sensitive to rotational transformations, and their
absence results in severe trajectory drift or even complete
localization failure, particularly in sparse point cloud scenar-
ios. This confirms the indispensability of edge-planar point
collaborative design. For the sensor fusion ablation, the multi-
constraint optimization model enhances robustness in complex
motion scenarios by fusing LiDAR geometric residuals with
IMU preintegration constraints. Experimental results indicate
that removing the IMU back-end fusion factor leads to signif-
icant performance degradation: the estimation error increases
by approximately 10.7%, and adaptability to challenging sce-
narios (e.g., rapid rotation and feature-sparse environments)
is notably reduced. This degradation is more prominent
for repetitive-scanning solid-state LiDARs, as their sparse
and inconsistent point clouds rely heavily on high-frequency
IMU motion constraints to compensate for geometric feature
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Fig. 5. Mapping result comparison on structured scenes using KITTI-05. (a) Presents the global map reconstructed by UD-LIOM, while (b)–(e) and (f)–(i),
respectively, display the mapping results of different methods (UD-LIOM, A-LOAM, LeGO-LOAM, and LIO-mapping) on two distinct road sections in
KITTI-05. It can be found that UD-LIOM achieves more refined mapping results, effectively capturing finer details in the environment, such as road surface
undulations and roadside features.

deficiencies. Thus, the synergistic optimization of LiDAR
and IMU constraints is critical for improving the system’s
robustness across diverse sensors and scenarios.

In summary, ablation experiments collectively demonstrate
that the collaborative design of point cloud classification
and LiDAR-inertial multiconstraint fusion is the core guar-
antee for UD-LIOM to achieve cross-sensor compatibility
and high robustness. Sections IV-D and IV-E further verify
the framework’s practical performance in various complex
environments.

D. Mapping in Various Complex Environments

Point cloud classification and the registration between clas-
sified points and local submaps provide valuable information
for pose optimization. This capability makes UD-LIOM par-
ticularly suitable for diverse complex environments. In this
section, we validate and analyze the mapping performance
of UD-LIOM in both structured and complex unstructured
environments to demonstrate its broad applicability across
various scenarios.

1) Reconstruction in Structured Environments: We first
evaluated UD-LIOM using the KITTI dataset as a benchmark
for structured environments, and the results are illustrated in
Fig. 5. Specifically, Fig. 5(a) shows the mapping result of UD-
LIOM on the KITTI-05 sequence, while Fig. 5(b)–(i) present
detailed comparative mapping results from two different road
sections, resulting from UD-LIOM, A-LOAM, LeGO-LOAM,
and LIO-mapping, respectively. Notably, since the KITTI
dataset lacks high-frequency inertial measurement data, our
experimental analysis was conducted without IMU measure-
ments. As shown in Fig. 5, UD-LIOM achieves superior
accuracy in reconstructing large-scale urban scenes [see Fig.
5(b) and (f)]. This performance advantage primarily arises
from the proposed front-endpoint cloud classification and
registration framework, which effectively preserves a larger
number of geometrically informative points for pose estima-
tion.

In contrast, the feature extraction schemes employed in
A-LOAM, LeGO-LOAM, and LIO-mapping are proven inad-
equate for obtaining sufficient effective features in these
scenarios, resulting in degraded performance. Specifically,
LeGO-LOAM uses segmented ground points as structural

features for pose optimization. However, as shown in
Fig. 5(d) and (h), this approach yielded unsatisfactory mapping
results. The primary reason lies in the ground point cloud
segmentation methodology, which depends critically on the
imaging angle between the LiDAR and point clouds for ground
identification. System motion often causes misclassification of
nonground points as ground points, adversely affecting pose
estimation accuracy. Furthermore, the incomplete constraint
relationships resulting from this segmentation approach lead to
insufficient final accuracy, despite LeGO-LOAM’s efficiency
gains from decoupling the six-DoF pose estimation into two
components.

To further evaluate the map reconstruction performance
of UD-LIOM in the structured environments, we conducted
comparative experiments on the NCLT dataset against LINS,
LIO-SAM, LiLi-OM, and FAST-LIO2. As shown in Fig. 6,
as SOTA LiDAR-inertial fusion methods, both LiLi-OM
and FAST-LIO2 exhibit consistently impressive performance
across all scenes. Furthermore, Fig. 6(p)–(r) reveals that the
map reconstruction results of UD-LIOM are comparable to
these methods, and even exhibit better performance in certain
scenes. For instance, in the second scene (second column),
where compact buildings imposed stringent requirements on
the method, UD-LIOM outperforms other methods in precisely
reconstructing pathways and surrounding vegetation, as visible
in the central region of Fig. 6(q). For LiLi-OM, its stringent
feature selection criteria limit the number of effective fea-
tures available in such environments, adversely affecting its
reconstruction accuracy [as shown in Fig. 6(j)–(l)]. Similarly,
FAST-LIO2’s lack of point cloud classification results in
uniform processing of each point, leading to blurred scene
details and reduced reconstruction clarity [Fig. 6(m)–(o)].
These findings further validate the exceptional map reconstruc-
tion performance of UD-LIOM in structured environments and
prove the effectiveness of the proposed point classification
scheme.

2) Reconstruction in Unstructured Environments: Although
existing methods primarily address simple unstructured envi-
ronments such as forests and grasslands, real off-road scenes
exhibit more intricate and unpredictable characteristics. Natu-
ral terrain features such as irregular gullies, stone piles, and
random shrubs pose significant challenges for conventional
LiDAR SLAM systems. The map reconstruction results of
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Fig. 6. Mapping result comparison on campus building scenes using
NCLT dataset. The first row [(a)–(c)] illustrates three representative scenes
in the NCLT dataset, while subsequent rows present the corresponding
mapping results obtained by different methods (LINS [(d)-f)], LIO-SAM [(g)-
(i)], LiLi- OM [(j)-(l)], FAST-LIO2 [(m)-(o)], and the proposed UD-LIOM
[(p)â (r)]). It can be found that UD-LIOM achieves superior reconstruc-
tion quality, particularly evident in precisely reconstructing pathways and
surrounding vegetation in the second test case (second column).

Fig. 7. Mapping results of UD-LIOM in unstructured scenes.
(a) and (b) present the complete maps reconstructed by UD-LIOM in
two unstructured off-road scenes, respectively. Additionally, (c)–(h) provides
detailed views of the labeled regions in (a) and (b). The results demonstrate
that UD-LIOM achieves accurate mapping in complex unstructured
environments, exhibiting remarkable robustness in complex environments.

UD-LIOM in such challenging environments are depicted in
Fig. 7, with Fig. 7(a) and (b) showing the maps reconstructed
by UD-LIOM in two distinct off-road scenes. Additionally,
Fig. 7(c)–(h) presents detailed representations of various areas
in these maps as labeled in Fig. 7(a) and (b), including
rugged mountain roads, forests, soil mounds, and interspersed
artificial structures. The results indicate that UD-LIOM
successfully handles complex off-road environments, accu-
rately reconstructing diverse elements such as forests, slopes,

Fig. 8. Mapping results of UD-LIOM using a Livox AVIA LiDAR. The
results demonstrate that UD-LIOM achieves robust compatibility with the
Livox AVIA solid-state LiDAR.

Fig. 9. Mapping results of UD-LIOM using an RSM1 LiDAR. The results
demonstrate that UD-LIOM achieves robust compatibility with the RSM1
solid-state LiDAR, showing its compatibility with the repetitive scanning
solid-state LiDAR.

and man-made objects. This robustness from UD-LIOM’s
innovative point cloud classification scheme and advanced map
construction capabilities demonstrates its robustness as a uni-
versal LiDAR odometer across various complex environments.
E. Reconstruction With Diverse Solid-State LiDARs

This section focuses on evaluating UD-LIOM’s com-
patibility with diverse solid-state LiDARs. Fig. 8 shows
the mapping reconstructions in typical scenes using Livox
AVIA LiDAR from public datasets. The results demon-
strate that UD-LIOM performs robustly with Livox AVIA
in complex buildings, open outdoor scenes, and indoor
environments. Additionally, Figs. 1(a) and 9 depict the map-
ping results with RSM1 LiDAR, where Fig. 9 illustrates
outdoor and indoor reconstructions from multiple views.
Notably, narrow indoor scenes posed significant challenges
for solid-state LiDARs due to their limited FoV, which
hindered pose optimization convergence under feature-sparse
conditions. Nevertheless, UD-LIOM addresses this issue by
directly integrating point cloud classification into the optimiza-
tion framework, yielding superior results. Collectively, these
results validate UD-LIOM’s adaptability to diverse solid-state
LiDARs, particularly its practical applicability with repetitive
scanning LiDARs in SLAM—a capability previously over-
looked by existing SOTA methods.

F. Localization Results

In this experiment, we conducted a comprehensive quanti-
tative evaluation of UD-LIOM across multiple datasets. Using
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Fig. 10. Comparison of trajectories obtained by different methods on the M2DGR dataset. The results show that UD-LIOM’s trajectory aligns most closely
with the ground truth. However, its performance deteriorates significantly when IMU factors are excluded, as confirmed by the ablation study. This demonstrates
the importance of the proposed IMU fusion strategy in the multiconstraint optimization framework.

the KITTI benchmark, UD-LIOM was compared with several
representative LiDAR SLAM methods, including A-LOAM,
LeGO-LOAM, and LIO-mapping, and the quantitative results
are summarized in Table III. Additionally, to further validate
the effectiveness of the proposed point cloud classification
strategy, we also conducted ablation experiments that sepa-
rately evaluated the contributions of edge and planar points;
the corresponding results are also presented in Table III. Note
that IMU data was excluded in KITTI experiments due to its
low frequency, and loop closure was disabled for fairness. As
shown in Table III, UD-LIOM consistently achieves superior
accuracy across nearly all sequences, with RPE improvements
of 24.%, 27.2%, and 18.3% compared to A-LOAM, LeGO-
LOAM, and LIO-mapping, respectively.

To further verify the exceptional performance of UD-
LIOM in terms of localization accuracy within park-like
environments and investigate the influence of the back-end
IMU factor on pose optimization, we conducted comparative
experiments using LINS, LIO-SAM, LiLi-OM, and FAST-
LIO2 as benchmark methods on the M2DGR dataset. The
experimental findings are presented in Fig. 10 and Table IV.
As illustrated in Fig. 10, UD-LIOM’s trajectory shows the
closest alignment with ground truth across all sequences,
exhibiting strong robustness in rapid rotation scenarios. How-
ever, the performance of UD-LIOM significantly decreases
when back-end IMU factors are excluded. In fact, although
the initial localization results of the sequence are comparable
to UD-LIOM, the absence of IMU factor optimization leads to
notable deviations in scenarios with rapid rotation, ultimately
resulting in substantial cumulative errors. Additionally, the
results in Table IV demonstrate that UD-LIOM achieves RPE
improvements of approximately 46.0%, 39.7%, 54.1%, and

TABLE V

RMSE APE FOR DIFFERENT METHODS FOR LIVOX AVIA LIDAR
MEASUREMENTS ON THE BOTANICGARDEN DATASET

6.7% compared to LINS, LIO-SAM, LiLi-OM, and FAST-
LIO2, respectively. These improvements can be attributed to
the point cloud classification scheme proposed in UD-LIOM,
which ensures adequate feature points for pose optimization.

The BotanicGarden dataset records unstructured scenes
within botanical gardens, containing point clouds from both
the Velodyne mechanical LiDAR and the Livox AVIA solid-
state LiDAR, along with high-frequency IMU measurements
and ground truth data. In this experiment, we utilized only
the solid-state LiDAR points and IMU measurements from
this dataset to conduct comparative experiments with LOAM-
Livox, LiLi-OM, FAST-LIO2, and our UD-LIOM. From the
results summarized in Table V, it can be seen that the complex-
ity of scenes in the BotanicGarden dataset presents challenges
for restrictive feature extraction approaches employed in
LOAM-Livox and LiLi-OM, resulting in failures to obtain
sufficient numbers of effective features for pose optimization.
The point cloud filtering in LOAM-Livox exacerbates the
issue of feature scarcity. Notably, FAST-LIO2, currently recog-
nized as a top solid-state LiDAR SLAM method, consistently
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TABLE VI

RUNNING TIME [MS] ANALYSIS

demonstrated exceptional performance on this dataset. Our
UD-LIOM also achieves competitive results, even outperform-
ing FAST-LIO2 in certain sequences (e.g., 1005-07, 1008-03,
and 1018-13) with higher accuracy. The superior performance
of both FAST-LIO2 and UD-LIOM can be attributed to their
direct use of raw LiDAR points in registration, effectively
overcoming the limitations caused by insufficient features in
solid-state LiDAR point clouds within complex environments.

G. Running Time Analysis

To evaluate the real-time performance of UD-LIOM, we
analyzed the running time and results of each module within
the framework, and the findings are presented in Table VI.
Furthermore, to test the running time with various scanning
beams and LiDAR types, we selected KITTI (with Velodyne
HDL-64E LiDAR), BotanicGarden (with Velodyne VLP16 and
Livox AVIA LiDAR), and M2DGR (with Velodyne VLP-32C
LiDAR) datasets, and a self-recorded dataset (with RSM1
LiDAR) for comparisons. Table VI summarizes the running
time of each module in the system with different LiDARs,
along with the number of feature points per-scan. Notably, the
“Preprocessing” entry in Table VI denotes the time allocated
for point cloud and IMU alignment, and the duration required
for distortion removal based on IMU preintegration. The
results in Table VI show that for mechanical LiDAR, more
beams obtain more points, leading to a linear increase in
the running time of each module. As for solid-state LiDARs,
a Livox AVIA obtains more points than an RSM1 LiDAR,
resulting in a longer running time for each module. Overall,
the number of points obtained by LiDAR is the primary factor
influencing running time. Additionally, in UD-LIOM, we have
implemented parallel processing for all modules within the
framework. Consequently, the processing time of each scan in
UD-LIOM is approximately equal to the maximum running
time of the modules, specifically the pose optimization. As
shown in Table VI, UD-LIOM maintains a per-scan processing
time below 100 ms across all LiDAR types, thereby satisfying
real-time performance requirements.

V. CONCLUSION

This article proposed UD-LIOM, a novel framework
designed for universal compatibility with both mechanical and
various solid-state LiDARs. In the front-end, we introduced
a range-smoothness-based universal point cloud classification
pipeline via structural reconstruction of traditional feature
processing logic (inspired by LOAM). Abandoning sparse

feature selection, we retain all effective edge/planar points
with a dual-threshold strategy and integrate the classification
with an innovative classified submap registration mechanism.
This system-level design enables UD-LIOM to adapt to var-
ious LiDAR types (including repetitive-scanning solid-state
LiDARs such as RSM1) and establish more effective fea-
ture correspondences between LiDAR scans and submaps.
Consequently, the proposed framework effectively mitigates
the performance degradation or failure commonly observed
in existing methods, particularly when handling solid-state
LiDARs with limited FoV. Additionally, in the back-end,
we systematically integrate residual-level deep LiDAR-IMU
fusion into the universal LiDAR processing pipeline, fusing
IMU preintegration residuals with LiDAR edge/planar geomet-
ric residuals into a unified multiconstraint optimization model.
Different from traditional module-level fusion, the two types
of residuals are jointly optimized on an equal footing at each
iteration, realizing tighter LiDAR-inertial coupling. The IMU’s
high-precision local motion estimation capability is fully uti-
lized to compensate for the geometric feature deficiency of
diverse LiDARs, which effectively improves the ability of
UD-LIOM to cope with extreme motion and feature-sparse
scenarios. To validate our approach, we conducted quantita-
tive and qualitative evaluations, demonstrating UD-LIOM’s
superior performance across structured/unstructured environ-
ments, diverse solid-state LiDAR compatibility, and real-time
performance. Future work will focus on integrating visual
information to further enhance the system’s performance in
complex scenes, while proposing a more effective loop clo-
sure strategy to balance loop closure recognition and system
efficiency.

APPENDIX

In rigid body motion and Lie group theory, the relationship
between the transformation matrix T (representing a finite
displacement in S E(3)) and the six-DoF motion parameter
vector ξ [an element of the Lie algebra se(3)] is governed
by the exponential map and logarithmic map. This section
formalizes this transformation.

The rigid body transformation matrix T ∈ S E(3) is a 4 × 4
homogeneous matrix that combines rotation and translation

T =

�
R t
0> 1

�
where R ∈ S O(3) is a 3 × 3 rotation matrix (orthogonal,
R>R = I), and t ∈ R3 is the translation vector.
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The six-DoF motion parameter vector ξ ∈ R6 encodes
infinitesimal rotation and translation in the Lie algebra se(3).
It is decomposed as

ξ =

�
ω
ν

�
where ω ∈ R3 represents the rotational component (axis-angle
representation, where the direction is the rotation axis and the
magnitude is the rotation angle), and ν ∈ R3 represents the
translational component (related to the Lie algebra generator).

A. From ξ to T: Exponential Map

The exponential map converts the ξ to T

T = exp
�
ξ∧
�

where ξ∧ is the wedge operator, that converts the six-DoF
vector ξ into a 4 × 4 matrix

ξ∧ =

�
ω∧ ν
0> 0

�
, ω∧ =

24 0 −ωz ωy

ωz 0 −ωx

−ωy ωx 0

35 .
The closed-form solution (generalized Rodrigues’ formula) is
given by

exp
�
ξ∧
�

=

"
exp

�
ω∧
�

Vν
0> 1

#
where exp(ω∧) represents the exponential map for S O(3)
(converting axis-angle to a rotation matrix), and V is the
translation coupling matrix

V = I +
1 − cos θ

θ2 ω∧ +
θ − sin θ
θ3

�
ω∧
�2

where θ = |ω| is the magnitude of the angular velocity
vector ω.

B. From T to ξ: Logarithmic Map

The logarithmic map extracts the motion parameters
from T

ξ∧ = log (T) .

where the rotational component ω is obtained via the S O(3)
logarithmic map (converting R to axis-angle). The translational
component ν is computed as

ν = V−1 t

where V−1 is the inverse of the coupling matrix.
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