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Abstract— Reliable, drift-free global localization presents
significant challenges yet remains crucial for autonomous nav-
igation in large-scale dynamic environments. In this paper,
we introduce a tightly-coupled Semantic-LiDAR-Inertial-Wheel
Odometry fusion framework, which is specifically designed to
provide high-precision state estimation and robust localization
in large-scale dynamic environments. Our framework leverages
an efficient semantic-voxel map representation and employs
an improved scan matching algorithm, which utilizes global
semantic information to significantly reduce long-term trajec-
tory drift. Furthermore, it seamlessly fuses data from LiDAR,
IMU, and wheel odometry using a tightly-coupled multi-sensor
fusion Iterative Error-State Kalman Filter (iESKF). This en-
sures reliable localization without experiencing abnormal drift.
Moreover, to tackle the challenges posed by terrain variations
and dynamic movements, we introduce a 3D adaptive scaling
strategy that allows for flexible adjustments to wheel odometry
measurement weights, thereby enhancing localization precision.
This study presents extensive real-world experiments conducted
in a one-million-square-meter automated port, encompassing
3,575 hours of operational data from 35 Intelligent Guided
Vehicles (IGVs). The results consistently demonstrate that our
system outperforms state-of-the-art LiDAR-based localization
methods in large-scale dynamic environments, highlighting the
framework’s reliability and practical value.

I. INTRODUCTION

Global localization in large-scale dynamic environments
remains a formidable challenge, particularly in settings like
ports and industrial parks. Traditional localization systems
often depend on signal-based methods like the Global Posi-
tioning System (GPS) or WiFi. However, these approaches
can be unreliable in scenarios where stable signal delivery
is disrupted, such as during signal loss or transmission
interruptions. In recent years, Simultaneous Localization and
Mapping (SLAM) [1], [2] has witnessed rapid advancements
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in high-precision localization, which becomes indispensable
for industrial applications of robots and autonomous systems.

Sensor fusion-based SLAM methods typically achieve
localization by aligning scanned frames with pre-constructed
maps, but they often suffer from abnormal localization drift.
To mitigate this, some advanced approaches incorporate
continuous odometry estimation within localization frame-
works. These methods integrate IMU data, LiDAR scans,
and wheel odometry into a joint localization framework,
yielding improved results. However, the absence of semantic
information still makes them vulnerable to long-term drift.
In conventional map representation, they typically rely on
explicit feature representations like point clouds [3], [4],
surfels [5] , and voxels [6], [7]. While effective in static
environments, these methods struggle with sparse observa-
tions, occlusions, and dynamic scenes, frequently failing to
distinguish dynamic objects from static backgrounds. More-
over, they lack semantic information, leading to challenges
such as long-term drift and difficulties in re-localization upon
system restart. Additionally, traditional wheel odometry [8],
[9] encounters difficulties in complex terrains, such as slopes
or slippery surfaces, where tire slippage or poor ground
contact results in inaccurate motion estimation.

To address aforementioned issues, this paper proposes
a tightly-coupled semantic-LiDAR-inertial-wheel odometry
fusion framework designed to significantly enhance local-
ization accuracy and robustness in dynamic, large-scale en-
vironments. The framework incorporates LiDAR, IMU, and
wheel odometry data within a tightly coupled multi-sensor
fusion scheme based on the iterative error state Kalman
filter (iESKF) [10], [11], which effectively mitigates motion
distortion and abnormal localization drift. Our framework
employs a voxel-based semantic matching algorithm that
tightly integrates semantic information with spatial geometric
features to enhance environmental understanding and reduce
long-term trajectory drift. By extracting semantic labels from
LiDAR point clouds and mapping them onto a voxelized
map, the algorithm effectively distinguishes dynamic objects
from static environmental features, minimizing the impact
of dynamic objects on localization results while maximizing
the contribution of static objects to improve localization
accuracy and stability. Furthermore, a 3D adaptive scaling
strategy is proposed to address errors due to complex terrains.
This strategy dynamically adjusts the weight of wheel speed
observations based on motion states and terrain features, opti-
mizing wheel odometry performance and ensuring improved
adaptability across diverse and challenging terrains.
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In summary, the main contributions of this paper are as
follows:

• We propose an iESKF-based semantic-LiDAR-inertial-
wheel odometry fusion framework, effectively integrat-
ing LiDAR, IMU, and wheel odometry data to mitigate
motion distortion and abnormal localization drift.

• We introduce a semantic voxel-based matching algo-
rithm that integrates LiDAR semantic labels with spa-
tial geometric features to distinguish diverse dynamic
objects from static environments, effectively reducing
the long-term trajectory drift.

• We present a 3D adaptive scaling strategy to address
errors caused by complex terrains, which dynamically
adjusts wheel speed observation weights based on mo-
tion states and terrain features.

• Our algorithm has been successfully deployed in a
large-scale automated port, delivering precise and stable
localization for 35 IGVs, demonstrating its reliability
and effectiveness in complex real-world applications.

II. RELATED WORK

A. Efficient Map Representation

Map representation and scan registration serve as the
fundamental basis for ensuring reliable localization in a
LiDAR-based odometry or SLAM system. Explicit mapping
directly utilize geometric data collected by sensors for map
construction. Point cloud representations (e.g., CT-ICP [3],
KISS-ICP [4]) directly utilize sensor data, offering high
precision and intuitive geometric characteristics. However,
they require significant storage and have low query efficiency,
limiting their deployment in large-scale or real-time applica-
tions. Surfel representations (e.g., SuMa++ [5]) store local
surface information, such as points and normals, reducing
storage requirements and improving query efficiency while
retaining some geometric details. However, they struggle
with adaptability in sparse or dynamic environments, often
losing fine details. Voxel-based representations (e.g., LiTA-
MIN2 [6], Voxel-SLAM [7]) leverage spatial partitioning
for efficient querying and updating, making them suitable
for dynamic and large-scale environments. However, their
accuracy is determined by voxel resolution: low resolutions
result in a loss of detail, while high resolutions greatly
increase computational costs.

To enhance the efficiency of processing and storing ex-
plicit map representations, various advanced data structures
have been developed. Incremental KD-Tree (iKD-Tree) [11],
[12] enables fast point cloud updates and efficient near-
est neighbor queries in dynamic environments. Incremen-
tal Voxel Map (iVox) from Faster-LIO [13] updates voxel
grids incrementally, integrating probabilistic and geomet-
ric data for accurate, robust mapping and efficient storage
management. Voxelized Generalized Iterative Closest Point
(GICP) [14] and Voxel-based Surface Covariance Estimator
(VSCE) from iG-LIO [15] leverage voxelized point distri-
butions to robustly estimate surface covariances, avoiding
costly nearest neighbor searches. Voxelized GICP enhances

the capabilities of GICP [16] through voxelization, main-
taining reliability in sparse data scenarios and supporting
efficient parallel optimization. Similarly, VSCE improves
efficiency in processing dense scans while maintaining high
accuracy in sparse and small field-of-view scenarios, and
also enabling parallel optimization. However, these methods
primarily focus on geometric information and struggle to
effectively distinguish between static and dynamic objects,
often leading to localization drift in dynamic environments.

B. Multi-Sensor Fusion based Localization
Based on reliable and efficient mapping, LiDAR-based

odometry and SLAM methods utilize sensors like LiDAR,
IMU, and wheel odometry to achieve highly precise local-
ization. Within the LiDAR-inertial odometry (LIO) frame-
work, FAST-LIO [10] employs a tightly-coupled Kalman
filter to reduce computational overhead and correct motion
distortion, enabling robust navigation in dynamic environ-
ments. Building on this, FAST-LIO2 [11] improves accuracy
through raw point-to-map registration and boosts efficiency
by utilizing iKD-Tree [12] for efficient map management and
querying. Faster-LIO [13] further improves performance by
replacing iKD-Tree [12] with iVox for faster updates and ap-
proximate k-NN queries, avoiding complex tree operations.
Point-LIO [17] adopts a point-by-point framework for high-
frequency odometry updates, effectively removing motion
distortion, and introduces a stochastic process-augmented
kinematic model for accurate localization during aggressive
motions, even in scenarios with IMU saturation. Beyond
standard LIO frameworks, methods like EKF-LOAM [8],
LIWO [9], and LIWOM-GD [18] integrate additional wheel
odometry data to further enhance state estimation. EKF-
LOAM enhances LeGO-LOAM [19] by employing an adap-
tive Extended Kalman Filter (EKF) with a lightweight co-
variance scheme to improve path estimation in feature-sparse
environments, while LIWO utilizes a tightly-coupled bundle
adjustment (BA) framework to achieve more accurate veloc-
ity estimation and effectively mitigate IMU drift. LIWOM-
GD [18] further incorporates an advanced dynamic point
removal technique, global plane constraints and loop closure,
all within a refined factor graph optimization framework.
These works show satisfactory performance in static envi-
ronments. However, their effectiveness declines considerably
in dynamic and repetitive settings, particularly when encoun-
tering sparse observations and unforeseen collisions.

III. METHODOLOGY
As illustrated in Fig. 1, our framework comprises several

key modules: system backbone in Sec. III-A, semantic voxel
mapping pipeline in Sec. III-B, motion dynamics prediction
model in Sec. III-C, LiDAR pose estimation model in
Sec. III-D, IMU correction model in Sec. III-E, and wheel
odometry correction model in Sec. III-F.

A. System Description
Our localization system, built on the mapping module,

uses a tightly coupled iESKF-based multi-sensor fusion
approach [10], [11] to enhance accuracy and reliability.
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Fig. 1: The diagram provides a detailed overview of our high-precision localization system architecture based on the iESKF filter, which
integrates data from LiDAR, IMU, and wheel odometry, alongside a global voxel map enriched with semantic information for robust state
estimation. The workflow is divided into four key modules: LiDAR Dual Map Processing, Prediction, and Correction.

Firstly, we define the state vector x as

x ≜

[
WpI

WvI
WRI ba bω

Ba Bω
vS Wg IRL

IpL
IRB

IpB

] (1)

where WpI , WvI , and WRI denote the IMU position,
velocity and orientation in the world frame W . Ba and Bω
are the linear acceleration and angular velocity in the wheel
odometry frame B, while ba and bω are the corresponding
biases. vS represents the adaptive scaling factor for linear ve-
locity part of wheel odometry. Wg is the gravity vector in the
world frame W . IRL and IpL are the extrinsic parameters
between IMU frame I and LiDAR frame L, respectively.
IRB and IpB are the extrinsic parameters between IMU
frame I and wheel odometry frame B, respectively.

Using the notations ⊞ and ⊟ as defined in FAST-LIO
[10], the state transition model in the Lie algebra space can
be defined as:

xi+1 = xi ⊞ (∆t f(xi,wi)) (2)

with the function f in forward process derived as

f(x,w) ≜



WvI +
1
2

(
WRI

IRB
Ba+W g

)
∆t

WRI
IRB

Ba+W g
IRB

Bω

nba

nbω

na

nω

018×1


(3)

Within the system, IMU observation data is transformed
from the IMU frame I to the wheel odometry frame B
before being processed by the filter. Consequently, the IMU’s
angular velocity and linear acceleration measurement process
noise, denoted as Bw, is directly expressed in the wheel
odometry frame B, as shown in (4). Here, na and nω denote
the measurement noise of the IMU’s linear acceleration and
angular velocity, respectively, in the wheel odometry frame

B, both of which can be modeled as Gaussian white noise.
Meanwhile, the IMU measurement bias noise terms nba

and nbω , corresponding to the noise components of linear
acceleration bias ba and angular velocity bias bω in the
wheel odometry frame B, can be modeled as random walk
processes using the following equations:

Bw ≜
[
na nω nba nbω

]
na ∼ N (0, σ2

a), nω ∼ N (0, σ2
ω).

nba ∼ N (0, σ2
ba), nbω ∼ N (0, σ2

bω ).

(4)

B. Map Construction and Update

The mapping module utilizes a dual-map architecture, as
demonstrated in Fig. 1. The global map provides a stable
long-term reference for consistent and reliable localization,
while the local dynamic map focuses on rapid adapta-
tion to environmental changes, offering real-time support
in dynamic scenarios. This hierarchical structure combines
coarse alignment via the global map and fine alignment
with the local map, ensuring accurate, efficient, and reliable
localization across diverse conditions.
Map Construction. In constructing pre-existing global
maps, Fast-LIO2 [11] incorporates loop closure and GPS
factors for back-end optimization (inspired by the LIO-
SAM [20] framework), ensuring precise alignment and high
consistency of point cloud data. By detecting and removing
dynamic elements while retaining only static point cloud
data, it effectively prevents localization drift caused by
environmental changes or moving objects. For local dy-
namic maps, key frames capturing core point cloud data
are generated based on significant environmental changes
to reduce redundancy and improve update efficiency. Then,
corrected LiDAR poses are used to integrate multi-frame key
frames, incrementally updating the map based on map size
and distance thresholds to quickly adapt to environmental
changes and ensure short-term localization accuracy.
Voxel-Based Storage. A voxel-based point cloud storage
format (referencing VSCE in iG-LIO [15]) divides the space
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into fixed 0.5-meter voxel grids, with each voxel retaining a
representative point, characterized by the mean coordinates
and distribution variance of points within the voxel, to
significantly reduce data redundancy, improve registration ef-
ficiency, and support fast neighborhood queries and dynamic
updates.
Global Semantic Information Integration. Building on
dynamic object removal and voxelization, semantic features
are extracted from the voxelized global map using Algorithm
1. This enables the system to leverages high-level semantic
environmental information for more reliable global point
cloud registration and alignment. Meanwhile, to enhance the
robustness and accuracy of point cloud registration, espe-
cially in handling degenerate scenarios or noisy point clouds,
we introduced specific constraint strategies for different
semantic feature voxels. For cylinder semantic feature voxels,
a minimum eigenvalue constraint is applied to improve nu-
merical stability and prevent optimization failure caused by
degenerate directions. For plane and other semantic feature
voxels, a plane eigenvalue constraint is introduced to enhance
registration accuracy in planar regions and mitigate errors
caused by planar feature degeneration.
C. Model Prediction

In our prediction model, the updated state x̄i at time step
i can be propagated to the next time step i + 1 using the
state transition model described in (2), with wi set to zero:

x̂i+1 = x̄i ⊞ (∆t f(x̄i, 0)) (5)

In greater detail, the state can be propagated using the
following equations:

W p̂I
i+1=W p̄I

i +Wv̄I
i ∆t+

1

2

(
W R̄I

i IR̄B
i B āi +Wḡi

)
∆t2

Wv̂I
i+1=W v̄I

i +
(
W R̄I

i IR̄B
i B āi +Wḡi

)
∆t

W R̂I
i+1=WR̄I

i Exp
(
IR̄B

i Bω̄i ∆t
)

(6)

Rather than relying on raw IMU measurements, state prop-
agation can be achieved by leveraging estimated linear ac-
celeration and angular velocity and assuming these values
remain constant between observation frames. In contrast
to pure IMU pre-integration methods, which depend on
continuous high-frequency inertial data and are vulnerable
to filter instability or divergence during data interruptions,
this approach demonstrates strong resilience against IMU
failures, data gaps, and synchronization delays.

Then, the propagation of covariance P̄i from time step i
to i+ 1 can be implemented as follows:

P̂i+1 = Fxi
P̄iF

⊤
xi

+ Fwi
QiF

⊤
wi

(7)

where Qi is the covariance of the IMU measurement process
noise wi, and the matrices Fx̄i

and Fwi
can be calculated

as below:

Fxi =
∂(xi+1 ⊟ x̂i+1)

∂δxi

∣∣∣∣
δxi=0,wi=0

Fwi
=

∂(xi+1 ⊟ x̂i+1)

∂wi

∣∣∣∣
δxi=0,wi=0

where δxi = xi ⊟ x̂i (8)

Algorithm 1 Voxel-based Semantic Information Extraction
and Covariance Refinement

0: Input: Voxel map M with mean µg and covariance Σg

for each grid, angle threshold θthc for cylinder, angle
threshold θthp for plane.
Output: Voxel map M with semantic information cylin-
der, plane, or other for each grid.

1: for each grid g ∈ M do
2: Perform SVD on Σg: Σg = UΣV⊤;
3: Extract the singular values σ1, σ2, σ3 from Σ, along

with their corresponding singular vectors u1, u2,
u3 from U, ensuring the singular values satisfy the
condition σ1 ≥ σ2 ≥ σ3;

4: Set grid g as other by default;
5: if σ1 ≫ σ2 and σ2 ≈ σ3 then
6: Compute angle θ = arccos

(
u1·z

∥u1∥∥z∥

)
, where z is

the unit vector of the z-axis;
7: if θ < θthc then
8: Classify grid g as cylinder;
9: end if

10: else if σ1 ≈ σ2 and σ3 ≪ σ1 then
11: Compute angle θ = arccos

(
u3·z

∥u3∥∥z∥

)
, where z is

the unit vector of the z-axis;
12: if θ < θthp then
13: Classify grid g as plane;
14: end if
15: end if
16: if grid g is cylinder then
17: Compute σi = max(σi, 1e-3) for the singular

values σ1, σ2, σ3

18: Set the diagonal matrix D = diag(σ1, σ2, σ3);
19: else if grid g is plane or grid g is other then
20: Set the diagonal matrix D = diag(1, 1, 1e-3);
21: end if
22: Update the covariance of grid g: Σg = UDV⊤;
23: end for

D. LiDAR Dual Map Processing

The LiDAR dual-map processing module consists of
global map measurement and local map measurement, which
handle global and local point cloud data respectively, work-
ing together to achieve precise and efficient localization.
First, we define some symbols. Lipj and Linj represent the
LiDAR point j in current i-th frame of point cloud and its
noise, and we assume that this noise is affected by zero-
mean Gaussian white noise. MTI

i is the i-th estimate of
transformation between the global map frame M and the
IMU frame I. ITL

i is the i-th estimate of transformation
between the IMU frame I and the LiDAR frame L.
Global Map Measurement. The global pose can be esti-
mated by matching the current point cloud with the global
voxel-based prior map Mglobal, ensuring long-term local-
ization stability. First, the current point cloud is voxelized,
dividing it into 0.5-meter voxel units to effectively reduce
data volume while preserving the spatial structure of the
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Fig. 2: (a) Example of deployment of pillars. Pillars are strategically
deployed along both sides of the lane, with a spacing interval of
35 m between each pillar. (b) The pillar features a diameter of at
least 20 cm and a minimum height of 1.5 m. (c) The point cloud
representation of the pillars is highlighted in red on the map, while
the background point cloud is shown in white.

environment, thereby improving computational efficiency.
During the voxel-based scan-to-map registration phase, the
voxelized current point cloud is aligned with the global map
using the K-nearest neighbor voxel search method and GICP
registration [16], as described below, for pose estimation:
MglobalRj

(
xi,

Lipj ,
Linj

)
= Vox

(Mqj

)
−Vox

(MTI
i ITL

i
(
Lipj+

Linj

))
(9)

where Vox represents the voxelization operation applied
to a point in the map, returning the mean value of the
corresponding voxel. Mqj is the associated point in the
global map.

Since voxels with semantic feature labels are extracted
from the pre-existing map using Algorithm 1, different
weights are assigned to these voxels during the computation
of constraints. Specifically, wcylinder, wplane, and wother cor-
respond to voxels with cylinder, plane, and other semantic
features, respectively, and the weights satisfy the relationship
wcylinder > wplane > wother. Then, based on the semantic label
of the voxel that the LiDAR point j in the current i-th frame
of the point cloud belongs to, the weight wj for this point
j can be determined using an indicator function I, as shown
below:

wj = wcylinder · I {voxel ∈ cylinder}
+ wplane · I {voxel ∈ plane}
+ wother · I {voxel ∈ other}

where I{condition} =

{
1, if condition is true,
0, otherwise.

(10)

Local Map Measurement. By concentrating on the imme-
diate vicinity, the local map enables faster and more efficient
scan-to-map registration, reducing the computational load of
the global map. Meanwhile, the local map is dynamically
updated to capture changes like moving objects or temporary
obstacles, enhancing robustness in cluttered environments.
The current point cloud is matched to this dynamically
updated local voxel map Mlocal for relative pose calculation
using the KNN search algorithm and point-to-plane registra-
tion, as detailed below:
MlocalRj

(
xi,

Lipj ,
Linj

)
= Muj

T
(MTI

i ITL
i
(
Lipj +

Li nj

)
−M qj

)
(11)

(a)

(b)
Fig. 3: Global voxelized point cloud map with semantic informa-
tion. (a) The generated point cloud map spans an area of 1538 m ×
596 m. (b) The global semantic point cloud highlights pillar points,
which are projected onto the global map with an enlarged view
to emphasize their positions. The pillar points are represented in
white, while the background global point cloud map is displayed
in light purple.

where Muj is the normal vector of the associated plane fitted
using neighboring points of Lipj in the local map. Mqj is
another point on the associated fitted plane in the local map.
Overall Map Constraints. Rather than directly registering
point clouds with the map, we integrate feature alignment
into the iESKF measurement update through corresponding
constraints. This process is expressed by the following equa-
tion:

0= wj ·MglobalRj

(
xi,

Lipj ,
Linj

)
+MlocalRj

(
xi,

Lipj ,
Linj

)
(12)

This approach combines high-accuracy registration of the
global map Mglobal with the real-time matching of the local
map Mlocal within a single frame. The weights wj are
calculated using (10) and assigned to voxels representing
cylinders, planes, and other semantic features.

E. IMU-based Correction

The IMU is an indispensable sensor in the system, provid-
ing high-frequency linear acceleration and angular velocity
data. In this system, we treat IMU data as a measurement
for filter correction in the wheel odometry frame B. Then,
for the i-th frame of IMU measurement data, we can denote
the constraints as:

R
(
xi,

Iωi
m,ni

ω

)
=

(
IRi

B

)−1 Iωi
m − ni

ω − bi
ω −Bωi

R
(
xi,

Iaim, ni
a

)
=

(
IRi

B

)−1 Iaim − ni
a − bi

a −Bai

(13)

where Iωi
m and Iaim are the i-th frame of measurements of

IMU angular velocity and linear acceleration.
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Fig. 4: The IGV measures 15 m×3 m×1.7 m and is equipped with
two 16-line LiDARs, four wheel encoders, four steering angle
sensors and an INS (featuring two antennas and a 6-axis IMU).

These IMU constraints can be integrated in the following
form for the observation update:

0 = R
(
xi,

Iωi
m,ni

ω

)
+R

(
xi,

Iaim,ni
a

)
(14)

F. Wheel Odometry-based Correction with An Adaptive Scal-
ing Model

Wheel odometry provides low-drift measurements, com-
plementing LiDAR and IMU in scenarios with poor visi-
bility, dynamic obstacles, or high-frequency vibrations, and
enhances robustness in low-feature environments. In addi-
tion, to address challenges like tire slippage on complex
terrains, a 3D adaptive scaling factor model dynamically
adjusts linear velocity observation weights, compensating
errors and improving robustness and precision in dynamic
and diverse terrains. Then, upon receiving the i-th frame of
wheel odometry measurement data, the constraints for the
filter observation update can be expressed as:

R
(
xi,

Bvm
i,0

)
=WRI

i IRB
i Bvm

i ⊙vS i

−WRI
i [IRB

i Bω i]×
IpB

i

−W vI
i

R
(
xi,

Bωi
m,0

)
=Bωm

i −Bω i

(15)

where Bωi
m and Bvi

m are the i-th frame of the measured
angular velocity and linear velocity from the wheel odometry.
The operator ⊙ denotes the element-wise product.

These constraints for wheel odometry can be integrated in
the following form for the observation update:

0 = R
(
xi,

Bvm
i,0

)
+R

(
xi,

Bωi
m,0

)
(16)

IV. EXPERIMENTS

To evaluate the performance of the proposed method, we
have gathered real-world data from a typical dynamic and
open port terminal to build a dataset for testing. Details of
the experimental setup are provided in Sec. IV-A, and the
localization results are discussed in Sec. IV-B.

A. Experiment Setup

Global Prior Map Construction. Port scenario is large-
scale, highly dynamic, and unbounded, with sparse yet
repetitive environment features. Frequent movements of me-
chanical equipment, dense vehicle occlusions, and complex
logistics operations result in significant temporal variations

(a)

(b)
Fig. 5: (a) The trajectories on our private dataset are demonstrated.
These 6 trajectories cover multiple distinct motion scenarios, pri-
marily traversing the main passageways of an industrial port. (b)
Detailed comparison of the longest trajectory (traj-4) from (a),
illustrating the performance of FAST-LIO2, Point-LIO, our primary
proposed method (Ours-Semantic Voxel Map), and its variant
(Ours-iKD-Tree). This comparison emphasizes long-term accuracy
and robustness across varying levels of environmental complexity.

in environmental features. Besides, LiDAR data primarily
captures ground information, posing challenges for stable
map construction and high-precision localization. In global
map construction, we focus on extracting static features
(e.g., ground elements) and systematically eliminate potential
dynamic objects from the map. Additionally, the structured
static semantic features (such as pillars, as shown in Fig. 2)
present in the environment are incorporated to enhance
environmental understanding and ensure accurate and stable
global pose constraints. Finally, a stable and reliable global
prior map covering approximately 1 million square meters is
generated, as illustrated in Fig. 3.
Datasets and Sensor Equipments. As illustrated in Fig.
4, each IGV is equipped with a multi-sensor layout that
includes two diagonally mounted 16-line LiDARs (10 Hz) to
maximize coverage for environmental perception, a centrally
located INS/IMU (20 Hz) for attitude and motion informa-
tion, two GNSS antennas mounted at the front-left and rear-
left corners for high-precision positioning, and four wheel
encoders (50 Hz) and four steering angle sensors (50 Hz)
located at the center of each axle for vehicle motion estima-
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TABLE I: Quantitative comparison for Light-LOAM [21], FAST-LIO2 [11], Point-LIO [17], our primary proposed method (Ours-Semantic
Voxel Map), and its variant (Ours-iKD-Tree) across six datasets (corresponding to each trajectory in Fig. 5(a)). The dash “− ” indicates
that the method fails on this test trajectory.

Dataset Mileage (km) Case Max absolute
pose error (m)

Mean absolute
pose error (m)

Max lateral
error (m)

Mean lateral
error (m)

Max longitudinal
error (m)

Mean longitudinal
error (m)

traj-1 1.843

Light-LOAM − − − − − −
FAST-LIO2 4.255 2.379 3.893 1.189 4.097 0.001
Point-LIO 21.283 1.676 2.585 0.829 21.257 0.013

Ours-iKD-Tree 10.932 5.583 9.721 2.729 10.797 0.001
Ours-Semantic Voxel Map 0.278 0.129 0.198 0.039 0.265 0.064

traj-2 1.770

Light-LOAM − − − − − −
FAST-LIO2 3.421 0.638 3.239 0.283 2.647 0.013
Point-LIO 10.681 0.377 2.266 0.119 10.450 0.094

Ours-iKD-Tree 0.476 0.156 0.440 0.043 0.370 0.001
Ours-Semantic Voxel Map 0.374 0.121 0.346 0.027 0.372 0.009

traj-3 1.914

Light-LOAM 0.621 0.400 0.319 0.090 0.598 0.001
FAST-LIO2 5.053 2.554 4.595 1.194 4.965 1.240
Point-LIO 6.606 2.029 3.823 0.958 6.394 0.866

Ours-iKD-Tree 13.486 5.314 12.882 2.779 13.196 2.331
Ours-Semantic Voxel Map 0.699 0.132 0.302 0.041 0.693 0.032

traj-4 2.950

Light-LOAM − − − − − −
FAST-LIO2 4.869 2.654 4.346 0.562 4.864 1.439
Point-LIO 14.312 3.242 5.065 0.741 14.276 1.778

Ours-iKD-Tree 11.061 3.572 10.979 0.139 10.825 1.868
Ours-Semantic Voxel Map 0.669 0.164 0.309 0.044 0.669 0.092

traj-5 1.840

Light-LOAM − − − − − −
FAST-LIO2 1.202 0.378 0.721 0.087 1.133 0.245
Point-LIO 3.619 0.825 1.231 0.044 3.619 0.399

Ours-iKD-Tree 1.518 0.613 1.246 0.162 1.487 0.348
Ours-Semantic Voxel Map 0.483 0.129 0.201 0.018 0.479 0.090

traj-6 1.368

Light-LOAM − − − − − −
FAST-LIO2 1.044 0.431 1.042 0.098 0.999 0.047
Point-LIO 18.224 0.535 1.092 0.101 18.214 0.113

Ours-iKD-Tree 0.397 0.118 0.252 0.039 0.322 0.058
Ours-Semantic Voxel Map 0.422 0.076 0.142 0.027 0.420 0.042

tion and odometry calculation. The LiDAR point clouds are
synchronized, distortion-corrected, and then transformed into
the vehicle’s central coordinate system. Wheel odometry data
(50 Hz) is generated by fusing inputs from wheel encoders,
steering angle sensors, and motor feedback signals using
a vehicle kinematic model. This data is further refined
through corrections from IMU pre-integration measurements
and transformed into the vehicle’s central coordinate system.
High-precision localization results, based on an RTK-aided
multi-sensor fusion approach (50 Hz), are used as ground
truth for quantitative performance evaluation, ensuring the
reliability and accuracy of the system’s localization and
navigation. We manually construct a comprehensive dataset
covering approximately 1 square kilometer, consisting of six
test trajectories collected from six IGVs, with a total length
of 11.685 kilometers (trajectories are showed in Fig. 5(a),
while detailed mileage data is provided in the Table I).

Implementation Platform and Hardware. All our com-
parative experiments are conducted on a computer equipped
with an Intel i7-8750H CPU (2.20 G Hz), 32 GB of RAM,
and a GeForce GTX 1050 Ti GPU, running the Ubuntu
20.04 operating system. The experimental code is efficiently
written in C++ and developed based on the Robot Operating
System (ROS) to ensure modularity and flexibility, facilitat-
ing testing and system integration.

Baselines and Metrics. To validate the superiority of our
proposed method, we conduct comparative experiments to
comprehensively evaluate its advantages in terms of local-

ization reliability. We have select several state-of-the-art and
representative baseline methods, including FAST-LIO2 [11],
Point-LIO [17], and Light-LOAM [21]. To ensure fairness in
comparison, the experimental results of all baseline methods
are obtained using the original source code provided by
their authors, with only minor adjustments to the input data
interface to adapt to our dataset. Additionally, to further
demonstrate the advantages of our proposed map represen-
tation, we compare the conventional iKD-Tree-based map
with our proposed formats: the voxelized map enriched
with semantic information, referred to as Ours-iKD-Tree and
Ours-Semantic Voxel Map, respectively, as shown in the
Table I. Absolute Trajectory Error (ATE) is adopted as the
primary metric for evaluating SLAM accuracy, and the evo
toolkit is utilized to analyze and compare the localization
trajectories of different algorithms.

B. Localization Results and Comparison

The full test trajectories are illustrated in Fig. 5(a). Light-
LOAM [21] is found to fail on most port test datasets,
displaying significant errors. Therefore, the analysis primar-
ily focuses on the successful algorithms: Point-LIO [17],
FAST-LIO2 [11], and our primary proposed method (Ours-
Semantic Voxel Map), and its variant (Ours-iKD-Tree).
Trajectory Comparison. Our proposed methods demon-
strate close alignment with ground truth trajectories across
all 6 test datasets. This performance is exemplified by the
longest trajectory traj-4 (over 2.950 km) in Fig. 5(b). In
this large-scale scenario, FAST-LIO2 [11] and Point-LIO
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[17] accumulate significant drift and exhibit instability over
the long distance. Ours-iKD-Tree improves accuracy but
lacks long-term stability compared to the semantic voxel-
based approach. Ours-Semantic Voxel Map show exceptional
performance, with enhanced stability, particularly in dynamic
and cluttered environments, demonstrating the critical role of
semantic information for robust, long-term localization.
Pose Error Quantitative Comparison. Table I highlights
notable differences in localization errors across six algo-
rithms. Light-LOAM exhibits the highest errors and poorest
adaptability across various scenarios, underscoring its lack
of robustness.

In simple scenarios, FAST-LIO2 achieves a maximum
error of 1.044 m and an average of 0.431 m (traj-6), while
Point-LIO shows a maximum error of 10.681 m and an av-
erage of 0.377 m (traj-2). In complex environments, FAST-
LIO2’s maximum error rises to 5.053 m (traj-3), and Point-
LIO’s increases to 14.312 m (traj-4), both showing signifi-
cant robustness degradation.

Ours-iKD-Tree demonstrates significantly better perfor-
mance compared to Light-LOAM, FAST-LIO2 and Point-
LIO. For example, in traj-2, its maximum absolute error
is 0.476 m, with an average error of 0.156 m, a substantial
improvement over FAST-LIO2 (3.421 m), and Point-LIO
(10.681 m). However, in certain scenarios, such as traj-3 and
traj-4, its maximum errors are relatively high (13.486 m and
11.061 m, respectively), indicating room for improvement in
dynamic or long-distance tasks.

Ours-Semantic Voxel Map consistently outperforms Ours-
iKD-Tree across all scenarios, demonstrating superior ro-
bustness. For instance, in traj-1, its maximum error is only
0.278 m, with an average error of 0.129 m, significantly better
than Ours-iKD-Tree (10.932 m and 5.583 m). In traj-4, its
maximum error is 0.669 m, with an average error of 0.164 m,
compared to Ours-iKD-Tree (11.061 m and 3.572 m), show-
ing remarkable improvement.

V. CONCLUSION

Building on the iESKF filter, this paper proposes a tightly-
coupled semantic LiDAR-inertial-wheel odometry fusion
framework. Within this framework, a semantic voxel-based
matching algorithm is introduced to effectively distinguish
and leverage diverse semantic features, thereby mitigating
long-term trajectory drift. Additionally, a 3D adaptive scaling
strategy is presented to optimize wheel odometry perfor-
mance on complex terrains. Extensive experiments demon-
strate the superiority of our method over state-of-the-art
approaches in dynamic and large-scale environments. Suc-
cessfully deployed in a one-million-square-meter automated
port, the system delivers precise and stable localization for
35 IGVs, demonstrating reliability in real-world applications.
Future work will focus on expanding semantic element de-
tection, supporting objects with distinctive geometric shapes,
and incorporating visual semantic information to further
enrich the semantic content of the map and enhance the
algorithm’s performance in texture-sparse scenarios.
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