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Abstract—Lidar technology has been widely employed across
various applications, such as robot localization inGNSS-denied
environments and 3D reconstruction. Recent advancements have
introduced different lidar types, including cost-effective solid-state
lidars such as the Livox Avia and Mid-360. The Mid-360, with its
dome-like design, is increasingly used in portable mapping and un-
crewed aerial vehicle(UAV) applications due to its low cost, compact
size, and reliable performance. However, the lack of datasets that
include dome-shaped lidars, such as the Mid-360, alongside other
solid-state and spinning lidars significantly hinders the compara-
tive evaluation of novel approaches across platforms. Additionally,
performance differences between low-cost solid-state and high-end
spinning lidars (e.g., Ouster OS series) remain insufficiently exam-
ined, particularly without an Inertial Measurement Unit (IMU) in
odometry. To address this gap, we introduce a novel dataset com-
prising data from multiple lidar types, including the low-cost Livox
Avia and the dome-shaped Mid-360, as well as high-end spinning li-
dars such as the Ouster series. Notably, to the best of our knowledge,
no existing dataset comprehensively includes dome-shaped lidars
such as Mid-360 alongside both other solid-state and spinning li-
dars. In addition to the dataset, we provide a benchmark evaluation
of state-of-the-art SLAM algorithms applied to this diverse sensor
data. Furthermore, we present a quantitative analysis of point cloud
registration techniques, specifically point-to-point, point-to-plane,
and hybrid methods, using indoor and outdoor data collected from
the included lidar systems. The outcomes of this study establish
a foundational reference for future research in SLAM and 3D
reconstruction across heterogeneous lidar platforms.

Index Terms—Localization, SLAM, data sets for SLAM.

I. INTRODUCTION

L IDAR has become a critical technology in robotics and
3D reconstruction applications. It significantly enhances
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robotic perception when integrated with other sensors, includ-
ing conventional cameras, event cameras, inertial measurement
units (IMUs), and various other sensory devices [1], [2], [3]. In
particular, lidar has emerged as one of the primary sensors for
robot localization in GNSS-denied or unreliable environments.
In such scenarios, it is commonly used together, significantly
improved by, and dependent on IMU [2], [4].

In recent years, lidar technology has evolved considerably
for high-end models and more cost-effective alternatives. Tra-
ditional spinning lidars typically use a rotating mechanism to
continuously scan the environment with a laser beam, producing
a 360° point cloud over time. However, solid-state lidars employ
no moving parts and instead rely on electronic beam steering
or flash illumination to capture depth information. This results
in more compact, robust, and energy-efficient designs, albeit
often with a narrower field of view (FoV). Livox lidars have
garnered increasing attention among various solid-state lidar
technologies due to their unique non-repetitive scanning patterns
and cost-effective designs [2], [5]. These Livox sensors provide
varying FoVs, such as the Livox Avia, which has a limited FoV,
and the Livox Mid-360, which features a dome-shaped design.
The latter, in particular, offers a cost-effective yet accurate solu-
tion for 3D lidar-based simultaneous localization and mapping
(SLAM). Notably, the Livox Mid-360’s unique design makes
it highly suitable for various mapping applications. However,
to the best of our knowledge, no existing dataset contains all
these lidar types within a single data sequence, with all sensors
mounted simultaneously on an identical platform.

Fig. 1 shows the point cloud differences of the same objects
under different lidars. Studies have demonstrated that solid-
state lidar systems like the Livox Mid-360 deliver competitive
performance [5]. Despite these advancements, they typically
exhibit a more irregular scanning pattern and sometimes lower
resolution than high-end spinning models. These lidar data char-
acteristics (i.e., density, resolution, and scanning pattern) may
potentially affect the accuracy of odometry in different types
of environments accordingly. However, nowadays, lidar-based
odometry (Lidar-Inertial Odometry, LIO) is highly dependent
on IMUs. It is challenging and lacks independent research on
the influence that these lidar features will bring into the point
cloud registration or matching, particularly for different types of
point cloud registration techniques, such as point-to-point and
point-to-plane methods, in the absence of IMU assistance for
forward propagation remains unclear.

To address this gap, this study introduces a novel dataset
alongside qualitative benchmark and analysis. The findings of
this study are intended to provide a valuable reference for
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Fig. 1. The point cloud differences of the objects under three different types
of lidars, including Livox Avia, Mid-360, and Ouster OS0-128.

researchers and practitioners in the field. The main contributions
of this paper are as follows:

1) Dataset creation: We present the first state-of-the-art
dataset where every single data sequence integrates multi-
ple types of lidar sensors, including spinning, solid-state,
and dome-shaped lidars, with a motion capture (MoCap)
system or GNSS/RTK, thereby providing highly accurate
odometry ground truth. The dataset was collected across
a diverse range of scenarios, including both indoor and
outdoor environments.

2) Understanding lidar variability (LIO): We benchmark
the performance of state-of-the-art SLAM methods on
different lidar data collected in the proposed dataset,
establishing baseline performance to facilitate a deeper
understanding of the differences among these lidar types.

3) Understanding lidar variability (point cloud match): To
eliminate reliance on the IMU, we evaluate the perfor-
mance of point clouds generated by different types of
lidar sensors. The registration methods considered include
point-to-point, point-to-plane, and their hybrid variants.

The remainder of this document is organized as follows:
Section II introduces the recent development of lidars, their
datasets, the state-of-the-art SLAM and point cloud matching
methods. Section III then describes this study’s methodology.
Section IV presents the experimental results, while Section V
concludes the work and outlines directions for future research.

II. RELATED WORK

A. Advancement of Lidars

Lidar technology has seen significant advancements in recent
years, leading to the development of high-end spinning lidars
and more affordable solid-state options. Traditionally, spinning
lidar sensors, such as those from Velodyne and Ouster, have
dominated the market due to their high accuracy and wide
FoV [6]. These sensors, commonly used in autonomous vehi-
cles, typically operate at fixed frequencies (e.g., 10–20 Hz) and
offer superior scanning capabilities thanks to their rotating laser
scanners, which create detailed 3D maps of the environment.
Beyond serving as a source for point cloud data, lidar can also
generate images, where pixels are encoded by the intensity of the
ambient light or reflected infrared light emitted by itself. This is
more evident nowadays when the lidar resolution increases, such
as with Ouster lidar. This presents a potential way for applying

conventional computer vision methods to these lidar-generated
images [7], [8], [9], [10].

In contrast, solid-state lidar systems, such as the Livox Avia
and Livox Mid-360, have introduced substantial cost reductions,
compactness, and increased adaptability for various applica-
tions [11]. The Livox Mid-360 is particularly noteworthy for its
unique dome-shaped design, which provides a 360° horizontal
FoV and a vertical range of approximately 25°. This design
enables a more compact solution, making it suitable for portable
mapping systems, uncrewed aerial vehicles (UAVs), and robotic
applications in GNSS-denied environments [12]. The Mid-360
is a cost-effective alternative for applications requiring less
dense point clouds, such as SLAM in mobile robots and 3D
reconstruction tasks [11].

Recent advancements in lidars have been more accessible,
and developments in Livox sensors indicate promising improve-
ments in point cloud density and overall performance. As lidars
continue to diversify, the integration of various types of solid-
state, spinning, and hybrid systems has paved the way for more
comprehensive datasets that can serve as valuable resources for
future research [6], [12].

These advancements also suggest the potential for further
optimization in point cloud matching techniques. Research has
concentrated on understanding how the specific characteristics
of each lidar type impact the accuracy of 3D reconstructions.
Despite technological progress, there is still a lack of datasets
that comprehensively combine different lidar types for bench-
marking point cloud matching performance.

B. Lidar Datasets

Lidar datasets are crucial for advancing point cloud process-
ing, robotic localization, 3D reconstruction, and SLAM. Over
the years, various datasets have been created for applications
such as autonomous driving, mapping, and, urban modeling.

1) Existing State-of-The-Art Datasets: Most existing bench-
mark datasets predominantly focus on spinning lidar systems,
exemplified by the widely used KITTI dataset [13] and the Ox-
ford RobotCar dataset [14], both incorporating Velodyne HDL-
64E spinning lidars. Similarly, datasets like ApolloScape [15]
and Ouster’s research datasets [16] emphasize high-resolution
spinning systems. Although these resources have proven in-
valuable for research on SLAM and autonomous driving, they
do not comprehensively address the broader spectrum of lidar
sensor modalities. In particular, datasets combining spinning,
solid-state, and dome-shaped lidars remain rare.

One notable advancement is the TIERS Multi-Modal Lidar
Dataset [17], which includes Velodyne, Ouster OS-series, and
Livox Avia sensors to support benchmarking general-purpose
localization and mapping algorithms. While the TIERS dataset
represents an essential step toward multi-modal sensor integra-
tion, it still lacks coverage of dome-shaped sensors such as the
Livox Mid-360. This particular sensor’s unique 360◦ horizontal
field of view and approximately 25◦ vertical span make it es-
pecially suitable for portable mapping and UAV applications in
GNSS-denied environments [18].

Recently, two additional datasets have emerged that attempt
to tackle lidar-based odometry and registration challenges. The
GEODE dataset [19] was developed to benchmark localization
robustness in degenerate environments such as corridors and
open spaces. Although GEODE includes heterogeneous lidar
configurations and focuses on structure-scarce conditions, a
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TABLE I
COMPARISON OF LIDAR SENSORS ACROSS DATASETS

relevant concern to our study is that it does not incorporate dome-
shaped sensors or assess point cloud matching performance in
IMU-free settings.

Similarly, the CTE-MLO dataset [20] concentrates on
continuous-time multi-lidar odometry, capturing field data
across structured and unstructured environments. Although it
integrates spinning and solid-state lidars, the dataset’s organiza-
tion varies by platform: for instance, Livox Mid-360 is mounted
only on a MAV, while ground vehicles primarily utilize Ouster
and Robosense sensors. This platform-specific variation limits
direct cross-modality comparisons under consistent environ-
mental conditions.

2) Summary: Although significant progress has been made
in the development of high-end spinning lidars, cost-effective
solid-state lidars, and dome-shaped lidars, existing datasets do
not encompass all of these sensor types within a single data
sequence, as shown in Table I. This limitation presents chal-
lenges for systematically evaluating lidar performance using
state-of-the-art SLAM approaches. It is worth noting that, for
example, the CTE-MLO dataset includes all these categories of
lidars; however, since they are mounted on different platforms, it
is not feasible to conduct a fair and unified evaluation of SLAM
methods across them.

In contrast, to address this gap, our dataset integrates all these
types of sensors, including the Livox Avia, Livox Mid-360,
and Ouster OS-series lidars within a single data sequence and
mounted on an identical robotic platform. It serves as a compre-
hensive benchmarking resource, enabling detailed evaluations
of point cloud matching techniques in IMU-free contexts and
facilitating future research into multimodal lidar integration for
SLAM and 3D reconstruction applications.

C. Point Cloud Matching

Classic point cloud matching approaches include point-to-
point, point-to-plane, and hybrid ICP algorithms, each tailored
to specific geometric and data-quality conditions.

Point-to-point ICP: minimizes the Euclidean distance be-
tween corresponding points in two point clouds via iterative
optimization [21]:

Ep2p(R, t) =

N∑

i=1

‖Rpi + t− qi ‖2

where pi and qi are the matching points in the i-th source and
target clouds, with the estimation of optimal rotation R and
translation t mapping the source to the target. While efficient,
this method is sensitive to noise, outliers, and sparsity.

Point-to-plane ICP: refines alignment by projecting the
source–target offset onto the target surface normal [22], [23]:

Ep2l(R, t) =

N∑

i=1

(
n�
i (Rpi + t− qi)

)2

where ni is the unit normal at qi. This error term measures the
distance of the transformed point to the tangent plane at its corre-
spondence, improving convergence in structured environments
with planar surfaces.

Hybrid ICP: combines the two formulations using a convex
combination of the error terms [24]:

Eα(R, t) = αEp2p(R, t) + (1− α)Ep2l(R, t), α ∈ [0, 1]

where α balances the two objectives: α = 1 reduces to point-
to-point while α = 0 to point-to-plane. This strategy enhances
robustness in scenes with mixed geometries or varying point
cloud densities.

Each variant presents trade-offs: point-to-point ICP is fast but
less tolerant to irregular data; point-to-plane excels in structured
settings; hybrid ICP offers flexibility by adapting to scene com-
plexity.

III. METHODOLOGY

This section outlines the methodology for collecting, process-
ing, and analyzing point cloud data from multiple lidars.

A. Hardware

The hardware used for the data collection in this study is
illustrated in Fig. 2. The moving robot platform is a Unitree B1
quadruped robot equipped with various sensors, including Livox
Mid-360 and Avia, Ouster OS0-128, RealSense L515, and Xsens
MTI-680 G. Table II shows the specification of the three distinct
lidars.

B. Software

The software environment was built on Ubuntu 20.04 with
ROS Noetic, which was the foundation for acquiring and pro-
cessing sensor data. Several dependencies were integrated to
enable efficient point cloud extraction, conversion, and trajec-
tory evaluation. The EVO package 1 was utilized to compute the
Absolute Pose Error (APE), providing a standardized measure of
odometry accuracy. Custom Python scripts were also developed
to extract, format, and analyze the odometry outputs generated
by various ICP methods.

1 https://github.com/MichaelGrupp/evo

https://github.com/MichaelGrupp/evo
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TABLE II
SPECIFICATIONS OF THE THREE LIDAR SENSORS USED IN THE STUDY

Fig. 2. The hardware used for the data collection.

Fig. 3. The calibrated data collection platform.

C. Sensor Calibration and Synchronization

The calibration of the lidars follows the optimization-based
methodology presented in [25]. During the calibration proce-
dure, the coordinate frame of the Ouster OS0 is designated as the
reference frame for all other sensors. The center of the MoCap
markers is positioned at the center of the Ouster OS0 and the
robot to facilitate alignment. For calibration, point cloud data
were collected from the lidars within an indoor office environ-
ment while the sensor platform remained stationary. Initially,
the point cloud data from each lidar was manually aligned to the
reference frame through approximate transformations obtained
by direct measurements. Subsequently, the Generalized Iterative
Closest Point (GICP) algorithm [24] was applied to refine the
relative transformations between each lidar and the reference
frame. The resulting calibration outcomes are illustrated in
Fig. 3.

The lidar sensors were connected via Ethernet, and temporal
synchronization across all sensors was achieved using the Pre-
cision Time Protocol (PTP), owing to the absence of a hardware
trigger signal. To further mitigate synchronization issues, all
lidar sensor drivers and associated programs were executed
locally on a high-performance computer. This synchronization
strategy has been demonstrated to limit latency to less than
10 ms [17].

D. Data Collection

The sensors were rigidly mounted onto a customized sensor
platform as shown in Fig. 2. Data collection was conducted
across structured indoor and unstructured outdoor environments,
specifically selected to challenge the lidar sensors across diverse
conditions commonly encountered:

1) Indoor Environment: Indoor data collection took place
within a controlled, factory-like experimental facility. A MoCap
system was deployed to provide accurate ground truth with
the position error reduced to below 1 mm following system
calibration, enabling high-precision evaluation and validation
of lidar performance in structured scenarios.

2) Outdoor Environment: Outdoor data were recorded in
two settings: OutdoorRoad, an open road with mixed natural
and urban features; and OutdoorForest, a forest-neighborhood
corridor with dense foliage, tree trunks at various ranges, irreg-
ular ground, and frequent partial occlusions. The forest scene
has strong geometric degeneracies (self-similar vegetation, in-
termittent canopy, limited long-range structure) and intermit-
tent returns, which challenge scan-to-map odometry and data
association. Ground truth data was acquired using the Xsens
MTI-680 G, which combines IMU and GNSS/RTK to provide
high-frequency (100 Hz) and high-precision (position error
around 1 cm according to the device specification [26]).

E. SLAM Benchmarking and Evaluation Protocol

To assess the odometry capabilities of different lidar types
under realistic conditions, we benchmarked five state-of-
the-art SLAM algorithms using our synchronized multi-lidar
dataset. We applied a uniform maximum lidar range of
60 m for indoor data across all SLAM pipelines to sim-
ulate constrained sensing conditions typical of indoor en-
vironments. For outdoor data, we used each sensor’s de-
fault maximum sensing range (Livox Avia: 450 m, Livox
Mid-360: 100 m, and Ouster OS0-128: 150 m) to reflect their
real-world deployment settings. These range constraints were
enforced during preprocessing to ensure comparability while
preserving the practical sensing capabilities of each sensor.

The selected SLAM methods represent different architectural
paradigms, ranging from tightly coupled lidar-inertial odometry
to graph-based global optimization. This diversity enables a
balanced evaluation that highlights the strengths and limitations
of local odometry, hybrid systems, and globally optimized ap-
proaches.
� FAST-LIO2 [27]: A tightly coupled lidar-inertial odom-

etry system that performs direct registration of raw lidar
points to the map via an iterated Kalman filter. It avoids
explicit feature extraction and is widely recognized for
robustness and accuracy.

� FASTER-LIO [2]: An efficiency-optimized variant of
FAST-LIO2 that leverages parallelism and incremental
data structures to reduce latency.

� S-FAST-LIO [28]: A lightweight formulation of the FAST-
LIO family designed for sparse or resource-constrained
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environments, emphasizing deployment efficiency while
maintaining odometry quality.

� FAST-LIO-SAM [29]: A fused architecture that combines
the high-accuracy odometry of FAST-LIO with the loop
closure and factor-graph mapping backend of LIO-SAM,
enabling both local precision and global consistency.

� GLIM [30]: A modern range-inertial SLAM frame-
work that integrates scan-matching factors with fixed-lag
smoothing and global pose graph optimization. While
GLIM supports GPU acceleration for real-time perfor-
mance, in our experiments, we restricted execution to the
CPU to ensure a fair comparison with the FAST-LIO fam-
ily, which does not rely on GPU resources. GLIM remains
sensor-agnostic and is designed to be robust in degenerate
scanning environments.

Together, these methods cover (i) direct scan-to-map odom-
etry (FAST-LIO2, FASTER-LIO, S-FAST-LIO), (ii) hybrid
odometry with loop closure (FAST-LIO-SAM), and (iii) globally
optimized SLAM with scan matching (GLIM). By including
this range of approaches, the evaluation highlights both local
odometry accuracy and the benefits of loop closure and global
optimization for long-term consistency.

F. Point Cloud Matching Approaches

This study evaluates three key ICP variants: Point-to-Point
ICP, Point-to-Plane ICP, and Hybrid ICP, chosen for their
complementary strengths in structured and unstructured envi-
ronments as the representative of other point cloud matching
approaches. Their suitability under different geometric scenarios
is well-established in prior research [21], [22], [31].

Point-to-Point ICP minimizes the Euclidean distance between
corresponding points. Though efficient, it is sensitive to outliers
and sparse data. We use the KISS-ICP package, which improves
robustness through adaptive thresholding and a robust kernel
function for outlier suppression [32]. These enhancements make
KISS-ICP particularly effective for real-time registration across
diverse lidar modalities.

Point-to-Plane ICP improves alignment by incorporating local
surface normals, which helps reduce geometric distortion. It is
especially effective in environments rich in planar structures,
such as corridors and urban settings [22]. We implemented this
using Open3D-GICP [33], [34], which treats correspondences
as Gaussian distributions for greater stability. Parameters such
as correspondence distance and convergence thresholds were
carefully tuned for each sensor.

Hybrid ICP, implemented using GenZ-ICP, blends point-to-
point and point-to-plane strategies. It dynamically adjusts their
weights based on scene characteristics, enhancing robustness
in degenerate cases like narrow corridors [35]. This flexibility
makes it suitable for heterogeneous scan patterns, such as solid-
state versus spinning lidars. We evaluated GenZ-ICP across
varied indoor and outdoor scenes to test its adaptability.

To ensure fair comparison, all ICP methods underwent sys-
tematic hyperparameter tuning, including settings for correspon-
dence distance, convergence criteria, and outlier rejection. The
maximum correspondence range was fixed at 20 cm for indoor
data, which provided consistent accuracy across environments.
For outdoor scenes, we uniformly applied a 60 m range con-
straint across all ICP methods to simulate short-range local
registration.

Because classical ICP lacks global trajectory optimization and
loop closure, we limited its evaluation to short outdoor segments,
specifically OutdoorRoad-cut0 and OutdoorRoad-cut1, to avoid
cumulative drift and reflect its intended use case. This strategy
allowed us to assess local registration performance fairly, with-
out conflating it with long-range tracking capabilities exclusive
to SLAM systems. Our results support prior findings on the
importance of tuning range limits to maintain ICP convergence
stability.

G. Evaluation Metrics

Lidar-based odometry and point cloud matching accuracy
were assessed by comparing the estimated trajectories to the
ground-truth data. The primary metric used for this evaluation
was the Absolute Pose Error (APE), which measures the devia-
tion between the estimated and actual poses throughout the entire
trajectory. For each algorithm and lidar, we report the mean and
standard deviation of APE to provide insights into the accuracy
and consistency of the pose estimates.

IV. EXPERIMENTAL RESULTS

A. Dataset

The dataset can be found at the Github repository 2. It is
categorized into two primary subsets: indoor and outdoor en-
vironments. We collected two indoor sequences, IndoorOffice1
and IndoorOffice2, featuring distinct trajectories in the same
environment, and two outdoor sequences, OutdoorRoad and
OutdoorForest with the trajectories shown in Fig. 4. All data
were recorded using the ROS in rosbag format. The following
outlines the data format for each sensor modality included in the
dataset:

Point Cloud Data: Point cloud data format varies slightly
across the different lidar sensors. For the Ouster OS0 (spinning
lidar), each point includes the fields x, y, z (float32),
intensity, reflectivity, ring, ambient, range
and t (timestamp offset in nanoseconds). In contrast, the
Livox Avia and Mid-360 sensors (solid-state lidars) provide a
point cloud consisting of x, y, z, intensity, and tag,
line (uint8). Additionally, Mid-360 provides a per-point
timestamp (float64) in UNIX epoch nanoseconds.

Inertial Data: IMU data is available from all lidars us-
ing the sensor_msgs/Imu message type. For Livox Avia
and Mid-360, their IMU data are published at 200 Hz to
/avia/livox/imu and /mid360/livox/imu, respec-
tively, while for Ouster OS0, the corresponding topic is
/ouster/imu, published at 100 Hz.

Ground Truth: Ground truth data is all in geometry
msgs::PoseStamped format. They were obtained from
a MoCap system for the indoor sequences, published under
the topic/vrpn_client_node/unitree_b1/pose, and
from a GNSS-RTK system for the outdoor sequence, available
via /gnss_pose.

B. SLAM Benchmarking

a) Indoor SLAM Benchmark:We evaluated five SLAM al-
gorithms across three lidars (Ouster OS0-128, Livox Avia,
and Livox Mid-360) on the IndoorOffice1 and IndoorOffice2

2 https://github.com/TIERS/multi_modal_lidar_dataset

https://github.com/TIERS/multi_modal_lidar_dataset
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Fig. 4. The designated ground truth paths of all the collected data sequences.

TABLE III
APE (MEAN ± STD) OF LIDAR ODOMETRY IN METERS FOR VARIOUS INDOOR AND OUTDOOR DATASET SETTINGS. FOR EACH LIDAR TYPE WITHIN EACH DATA

SEQUENCE, THE HIGHEST ACCURACY IS INDICATED IN BOLD. THE OVERALL BEST PERFORMANCE ACROSS DIFFERENT LIDAR TYPES IS BOTH BOLDED AND

UNDERLINED

datasets. The upper part of Table III reports APE as mean ±
std, with underlined values indicating the best overall and bold
values the best per sensor.

Livox Mid-360 achieved the best overall APE across FAST-
LIO2, FASTER-LIO, and S-FAST-LIO, confirming its advan-
tage in cluttered indoor environments. This is also reflected in
Fig. 5(a), where Mid-360 (blue) shows the lowest median and
tightest spread. Ouster delivered stable results with consistently
narrow distributions (green), but did not dominate any single
method. Livox Avia, by contrast, exhibited larger variances,
particularly under GLIM, as shown by its wide red box with
outliers.

b) Outdoor SLAM Benchmark:Results for the outdoor datasets
are summarized in the lower part of Table III. In the Outdoor-
Road sequence, Avia, benefiting from its 450 m range, achieved
the best overall APE in one configuration (FASTER-LIO), out-
performing both Livox Mid-360 and Ouster (underlined and
bold value). However, it performed worse under S-FAST-LIO

Fig. 5. Grouped boxplots comparing LiDAR performance across indoor and
outdoor environments for SLAM and ICP. Box colors represent Avia (red),
Mid-360 (blue), and Ouster (green) sensors.
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TABLE IV
ABSOLUTE POSE ERROR (APE) ACROSS ICP METHODS AND LIDARS FOR INDOOR AND OUTDOOR DATA (MEAN ± STD, IN METERS). FOR EACH LIDAR TYPE

WITHIN EACH DATA SEQUENCE, THE HIGHEST ACCURACY IS INDICATED IN BOLD. THE OVERALL BEST PERFORMANCE ACROSS DIFFERENT LIDAR TYPES IS BOTH

BOLDED AND UNDERLINED

and GLIM, with high variance visible in Fig. 5(a). Livox Mid-
360 produced strong results across multiple methods, maintain-
ing consistency without dominating any single pipeline, while
Ouster was competitive under FASTER-LIO but showed a wider
error spread in the box plots.

When the more complex OutdoorForest sequence is included,
all methods exhibit a noticeable shift toward higher APE values,
as reflected in the aggregated outdoor box plots of Fig. 5(a). The
red, blue, and green boxes cluster above 1 m, confirming that
vegetation and occlusion amplify error accumulation across all
sensors and algorithms. Thus, while OutdoorRoad highlights the
benefits of Avia’s long range and Ouster’s structured scan, Out-
doorForest reveals the limits of these advantages under canopy
occlusion. Taken together, the outdoor benchmarks underscore
that scene structure strongly modulates sensor strengths, and
forested environments present a substantially harder challenge.

C. Point Cloud Matching Evaluation

a) Indoor Point Cloud Matching Evaluation:Three ICP
pipelines (KISS-ICP, GenZ-ICP, and Open3D-GICP) were eval-
uated on the IndoorOffice datasets. Table IV reports APE
values, with underlines for best overall and bold for per-sensor
best. Mid-360 ranked best overall, particularly under KISS-ICP
and GenZ-ICP on IndoorOffice1, and achieved competitive re-
sults under Open3D-GICP (Scan2Map) on IndoorOffice2. These
trends are also supported by Fig. 5(b), where the compact blue
box indicates low variance across indoor ICP tasks. Ouster
(green) performed well in GenZ-ICP and Open3D-GICP, but
showed a slightly wider spread. Avia (red) consistently lagged,
particularly in Open3D-GICP (Scan2Scan), where its sparse
vertical resolution resulted in high errors and variance.

b) Outdoor Point Cloud Matching Evaluation:We bench-
marked the same ICP pipelines on OutdoorRoad-cut0 and
OutdoorRoad-cut1 using a 60 m range. Table IV shows the
APE statistics. Mid-360 consistently ranked best or near-best
across all pipelines. It achieved the lowest APE in Open3D-
GICP (Scan2Map) on OutdoorRoad-cut1, and also led in
GenZ-ICP and KISS-ICP on OutdoorRoad-cut0. Its tight blue
box plot in Fig. 5(b) confirms low variance outdoors. Ouster
(green) performed best under Open3D-GICP (Scan2Map) on
OutdoorRoad-cut1 and showed strong stability under KISS-
ICP in OutdoorRoad-cut0, but its advantages were method-
specific. Avia (red) underperformed across all outdoor ICP
configurations, often showing the highest errors and variances,
particularly under Open3D-GICP (Scan2Scan).

D. Discussion

Overall performance patterns: Across all datasets, the
FAST-LIO family (FAST-LIO2, FASTER-LIO, S-FAST-LIO)
achieved the lowest errors and most stable odometry. FAST-LIO-
SAM added robustness on long sequences through loop closure,
while GLIM underperformed under our CPU-only evaluation.

Impact of lidar modality: Sensor geometry strongly shaped
results. The Livox Mid-360, with its wide vertical FoV and
non-repetitive pattern, consistently provided stable performance
indoors and remained competitive outdoors. The Livox Avia,
benefiting from long-range returns, excelled in road-like envi-
ronments, but its advantage diminished under occlusion. The
Ouster OS0-128 performed reliably in structured settings but
showed greater variability in cluttered scenes.

Algorithm–sensor interplay: Direct scan-to-map pipelines in
the FAST-LIO family adapted well to the irregular Livox sam-
pling, enabling both Avia and Mid-360 to remain competitive
with the Ouster. Mid-360’s vertical coverage benefited cluttered
environments, while Avia’s long-range returns were most useful
in open settings. GLIM produced stable results with Ouster
outdoors but repeatedly failed to complete with Livox sensors
in the most challenging cases, highlighting the importance of
algorithm–sensor compatibility.

Environmental factors and practical implications: The dataset
confirms how environmental structure amplifies or suppresses
sensor strengths: vertical coverage dominates indoors, long-
range visibility is critical on roads, and canopy occlusion raises
errors across all modalities in forests. Taken together, these
results suggest that FAST-LIO variants remain strong defaults
across environments, with FAST-LIO-SAM being preferred
when global consistency is required. More importantly, the
dataset now enables exploration of multi-lidar fusion, where
Mid-360’s coverage, Avia’s range, and Ouster’s structured scan
could be exploited complementarily.

V. CONCLUSION

This study addresses the heterogeneity of lidar sensor types by
introducing a novel dataset that, for the first time, includes data
collected using three distinct categories of lidars: dome-shaped
solid-state lidar, limited FoV solid-state lidar, and spinning lidar.
The dataset contains both indoor and outdoor environments
with ground truth provided using MoCap in indoor settings and
GNSS-RTK in outdoor scenarios. In addition to the dataset, we
present a comprehensive SLAM benchmarking across all data
sequences, utilizing multiple state-of-the-art SLAM algorithms.
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Results showed that the Livox Mid-360 consistently delivered
high accuracy and stability across ICP and SLAM methods,
particularly in complex scenes, owing to its wide vertical field
of view and dense scan coverage. Livox Avia performed well
in long-range SLAM scenarios but exhibited limitations in lo-
cal registration. Ouster sensors achieved competitive results,
especially under spinning-optimized SLAM pipelines, though
their limited vertical resolution reduced performance in semi-
structured environments. Furthermore, to investigate the impact
of lidar variability on geometric registration, we evaluate the
point cloud matching performance of different lidars using sev-
eral ICP (Iterative Closest Point) variants, without incorporating
IMU assistance. Results suggest that the Mid-360 consistently
achieves the most accurate alignment across a variety of test
cases.
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