
Non-Repetitive: A Promising LiDAR Scanning Pattern

Angchen Xie Yeqiang Qian* Weihao Yan Chunxiang Wang Ming Yang

Abstract— LiDAR is an essential sensor for intelligent vehi-
cles. Recently, LiDARs used in vehicles produced by different
companies have significant differences in their scanning pat-
terns. Some vehicles use mechanical and solid-state (repetitive)
LiDARs, while others use prism-based (non-repetitive) LiDARs.
The scanning pattern of a LiDAR has a profound impact
on its scanning performance. To investigate the influence of
LiDAR scanning patterns, we created the “Repetitive-or-not”
dataset, which is collected simultaneously by LiDARs with both
repetitive and non-repetitive scanning patterns in the CARLA
simulation environment. Using this dataset, we conducted a
comprehensive statistical analysis of the scanning ability of
repetitive and non-repetitive LiDARs. Furthermore, we looked
into the effects of these two LiDAR scanning patterns on
the performance of various 3D object detection algorithms.
Finally, we explored the domain gap in the point cloud data
produced by repetitive and non-repetitive LiDARs. Through
an in-depth investigation of the “Repetitive-or-not” dataset, we
have discovered that non-repetitive LiDAR shows great promise.
This conclusion is primarily supported by its superior object
scanning capabilities.

I. INTRODUCTION

LiDAR is one of the most popular sensors in autonomous
vehicles, providing real-time data about the surrounding
environment. Its adoption has rapidly accelerated the devel-
opment of self-driving technology [1], and now automotive
companies are embracing industrial-grade LiDAR systems.

In the surge of developments in the autonomous driving
industry over the past decade, the widely accepted form
of LiDARs has long been the mechanical and solid-state
(repetitive) LiDAR [2]–[4]. However, during the CES ex-
hibition in 2020, Livox introduced the Horizon, bringing a
new paradigm to the field of autonomous driving perception:
non-repetitive scanning, which is based on a rotating prism.
Figure 1 shows the differences between these two scanning
patterns and point cloud they produced. Repetitive scanning
leads to a high duplication of point clouds in neighboring
frames, while non-repetitive scanning produces point clouds
with varying shapes from frame to frame. As shown in Ta-
ble I, both repetitive and non-repetitive LiDARs are prevalent
in commercially available vehicle models.

To investigate the impact of different LiDAR scanning
patterns on the perception module of autonomous driving,
we collected a dataset called “Repetitive-or-not” using both
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Fig. 1: (a) illustrates the distribution of laser beams emitted
by LiDARs with different scanning patterns over time. As
time increases, the coverage of the laser beams emitted
by the non-repetitive LiDAR becomes denser, whereas that
of repetitive LiDAR remains constant. (b) illustrates point
clouds collected by different LiDARs in the same scene, with
the red box representing overlaps.

repetitive and non-repetitive LiDAR simultaneously in the
CARLA [5] simulation environment. This dataset features a
variety of typical highway and urban scenarios. To facilitate
academic research, we have open-sourced this dataset for
interested researchers to use. The dataset is available on
https://www.kaggle.com/datasets/angchenxie/repetitive-or-not

Based on the “Repetitive-or-not dataset”, we conducted
a study on the scanning abilities of LiDARs from two
perspectives. Firstly, we analyzed LiDAR’s overall ability
to capture environmental objects, specifically the quality of
environmental objects that LiDARs can detect. In the second
phase, we examined the performance of perception tasks
on objects captured by LiDARs and measured the differ-
ences caused by different scanning patterns. Our experiment
focused on the classic 3D object detection task across all
perception tasks. To get more comprehensive results, we have
meticulously selected diverse 3D object detection algorithms,
which are based on multiple feature extraction methods,
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TABLE I: LiDAR types and parameter configurations for
different brands of vehicle models.

Type Company Model Distance Resolution Points/s

Repetitive

Hesai Ideal MEGA 200m 0.1◦×0.2◦ 1,536,000

Robosence AION LX Plus 200m 0.2◦×0.2◦ 787,500

Huawei Luxeed S7 250m 0.1◦×0.1◦ 1,840,000

Non-repetitive Livox Xpeng P5 150m 0.18◦×0.23◦ 452,000

for performance evaluation on our dataset. This allowed us
to assess the impact of different scanning patterns on the
performance of 3D object detection algorithms.

The contributions of this study can be summarized as
follows:

• We curated the “Repetitive-or-not” dataset, which con-
siders LiDAR scanning patterns as the only variable.
The dataset includes urban and highway scenarios and
has three categories: vehicles, cyclists, and pedestrians.
This dataset serves as a valuable resource for future
research on LiDAR scanning patterns.

• We conducted a comprehensive investigation into the
scanning capabilities of LiDARs with repetitive and
non-repetitive scanning patterns in both urban and high-
way scenarios. Based on our extensive experiments,
we have concluded that non-repetitive LiDAR exhibits
greater promise due to its superior scanning abilities.

• We analyzed the performance of various 3D object de-
tection algorithms between repetitive and non-repetitive
data, as well as the domain gap resulting from these two
LiDAR scanning patterns. Our findings demonstrate that
the transformer-based model not only achieves superior
performance but also exhibits exceptional migration
capability between different LiDAR scanning patterns.

II. RELATED WORKS

A. 3D Object Detection

Advancements in deep neural networks have greatly im-
proved tasks related to 3D point clouds, including object
detection and semantic segmentation [6]–[21]. This paper in-
vestigates the impact of repetitive and non-repetitive LiDAR
scanning patterns on the detection of 3D objects in outdoor
traffic scenarios for autonomous driving.

Inspired by successful indoor methodologies such as
[13]–[16], outdoor object detection primarily focuses on
identifying vehicles, cyclists, and pedestrians [22]. Various
approaches utilizing different data representation paradigms,
such as pillar-based [8, 9] and voxel-based [6, 7, 17, 18],
transform point clouds into 2D planes or pseudo-3D images.
To prevent information loss, PointNet [23] is utilized to
directly extract features from points, influencing end-to-end
architectures [10, 11] and mixed-data algorithms [19, 20].

The transformer model, which is widely used in natu-
ral language processing, has also proven to be effective
in computer vision [24]. Among the various transformer-
based 3D object detection frameworks for outdoor scenarios,

CT3D [12] is particularly noteworthy. It adopts a two-stage
approach, using a region proposal network [7] to generate
initial boxes, and then incorporating transformers to improve
contextual interactions and aggregate features, resulting in
highly accurate predictions.

B. Outdoor 3D Point Cloud Dataset

The majority of modern end-to-end 3D object detection
algorithms that are focused on outdoor environments rely
heavily on authentic outdoor datasets for both training and
assessment [3, 4, 25]–[28]. These datasets provide a compre-
hensive array of data capturing varied real-world scenarios,
encompassing diverse road and weather conditions, object
classes, and a multitude of detected objects.

However, a notable limitation of these datasets is that
LiDARs collected them with the same scanning patterns.
In KITTI [25], NuScenes [3], and Waymo [4], point cloud
data was only collected by repetitive LiDARs. Additionally,
there is a lack of outdoor datasets collected by non-repetitive
LiDAR. This poses a challenge in assessing the scanning
abilities of LiDARs with different scanning patterns and
analyzing the impact of such patterns on 3D object detection.

In our research, we need to use the data with the LIDAR
scanning pattern as the only variable to conduct experiments.
As outdoor scenarios have varying collection environments,
it is not feasible to ensure the production of point cloud
data scanned by different LIDARs simultaneously. Therefore,
we have opted to collect data using the CARLA simulator
and offered researchers the “Repetitive-or-Not” simulation
dataset, which compensates for the shortcomings of the
current mainstream datasets.

C. Researches on LiDAR Scanning Patterns

Most previous research has categorized LiDAR into three
main categories: mechanical, solid-state, and hybrid solid-
state [29]. The solid-state category consists mainly of flash-
based LiDAR [30] and optical phased array (OPA)-based
LiDAR [31], while the hybrid solid-state category includes
microelectromechanical system (MEMS)-based LiDAR [32].
Mechanical LiDARs have a physically rotating emission
and reception system, which transforms laser points into
lines, and multiple laser emitters are arranged vertically to
form a plane for 3D scanning. However, these systems have
complex internal structures, and are difficult to maintain
stable operation for long periods [33]. Flash-based LiDAR
captures the entire target scene within a single shot using a
photodetector (PD) array. However, the resolution is limited
by the physical size of the PD arrays. MEMS mirrors
can reduce the size of LiDAR systems and enable solid-
state LiDAR scanning, which is compact and lightweight.
OPA-based LiDAR uses integrated photonics technology and
provides a compact platform. The fabrication of OPA is
compatible with complementary metal-oxide-semiconductor
(CMOS) processes [34], which reduces the manufacturing
cost and opens up more possibilities for the future.

Nevertheless, in our research, we have classified LiDARs
based on their scanning patterns, which can be repetitive or
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(a) Highway scenario (b) Urban scenario

Fig. 2: The visualization of two scenarios in “Repetitive-or-
not” dataset.

TABLE II: Setups for LiDARs used for dataset collection.

Type Distance VFOV HFOV Points/s Frequency

Non-repetitive 150m -15◦∼10◦ 120◦ 452,000 10Hz

Repetitive 150m -15◦∼10◦ 120◦ 452,000 10Hz

non-repetitive. This approach differs from the conventional
method of classification that is based on principles. We
specifically analyze the distinct point cloud formations that
result from these patterns, enabling us to evaluate their
performance in different downstream tasks and gain valuable
insights for future research and production.

III. THE REPETITIVE-OR-NOT DATASET

We used the CARLA simulation environment to create
point clouds captured by both repetitive and non-repetitive
LiDAR. We opted for the simulation environment due to
the difficulties faced in real-world scenarios where it is
impractical to collect data simultaneously under identical
conditions for various LiDAR scanning patterns. Addition-
ally, the simulation environment allowed us to efficiently
obtain rich data from LiDARs employing different scanning
patterns within relatively low time and cost constraints.
Furthermore, it provided us with information that may not
be obtainable from actual scenarios. For example, unlike
datasets collected in real-world scenarios that only record
real objects detected by LiDAR, the dataset collected in
the simulation environment recorded all objects in the en-
vironment. This allowed us to analyze the proportion of
objects around the host vehicle that LiDAR can detect. It
is important to note that we use the CARLA simulator
primarily for its excellent simulation capabilities and support
for various scanning patterns of LiDAR. Moreover, it can
conveniently generate various traffic participants. Similarly,
using simulation environments like Gazebo [35] can also
accomplish similar testing and validation.

Specifically, we concurrently collected data frames using
both repetitive and non-repetitive LiDAR under identical
conditions. To ensure fair data comparisons, we positioned
the two LiDARs at the same location and ensured consistency
in other parameter configurations, such as field of view,
range, acquisition frequency, points collected per second,
and so forth. We have outlined the detailed configurations
of the two LiDAR setups in Table II. Among them, the

non-repetitive LiDAR mainly refers to the parameters of the
Livox-HAP LiDAR1.

As shown in Figure 2, our dataset covers two typical sce-
narios in autonomous driving: highway and urban environ-
ments. The highway section was meticulously collected using
the official map “Town04 Opt,” which provides a realistic
highway setting. We recorded data only relevant to vehicles
in the highway section to ensure simplicity in analysis and
efficiency. We randomly placed 200 dynamic vehicles on
the map, including various types such as cars, trucks, and
taxis. The urban section was carefully collected using the
official map “Town03 Opt,” which offers a comprehensive
urban scene. To represent the environment in urban road
driving better, we recorded data for three common road
participants: vehicles, cyclists, and pedestrians. We randomly
placed 120 vehicles, 150 pedestrians, and 60 cyclists on the
map. The dataset includes 16,000 frames and is divided into
80 different scenes. Each scene has different environmental
settings and includes 200 consecutive data frames.

IV. LIDAR SCANNING ABILITY

In the first stage of our experiments, we aimed to conduct
an in-depth comparison of the scanning abilities between
repetitive and non-repetitive LiDAR. Our focus was on
determining the number of objects (vehicles, cyclists, and
pedestrians) that LiDAR could capture in the environment.
We defined an object as “hit” if LiDAR captured at least n
points from it, and “miss” if not. We varied the value of n
to evaluate the quality of the objects captured by LiDAR,
using 5, 10, and 15 as the thresholds for low, medium, and
high quality, respectively. To avoid counting ground points as
object points, we lowered the height of the object’s bounding
box to 0.05m from the ground. The number and quality of
objects detected were then used as the metric to analyze and
compare the results in the following experiments.

A. Qualitative Analysis on LiDAR Scanning Ability

In the realm of qualitative analysis, Figure 3 demonstrates
the performance of LiDARs in capturing objects under
repetitive and non-repetitive scanning patterns. It showcases
the bounding boxes of objects that were correctly captured
(“hit”) and those that were not captured (“missed”) when the
threshold n = 5. The categories of objects represented in the
figure are vehicles (in red), cyclists (in blue), and pedestrians
(in green). The enclosed regions marked by red circles
reveal that non-repetitive LiDARs can detect pedestrians
and cyclists that repetitive LiDARs fail to identify. This
means that, because of the unique scanning pattern, the non-
repetitive LiDAR can cover a more detailed part of the object.
So it can capture a more comprehensive point cloud of the
same object that is difficult to capture, thus demonstrating
the superior scanning abilities of non-repetitive LiDAR.

1https://www.livoxtech.com/hap/specs
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Fig. 3: Visualization of LiDAR point clouds with repetitive
and non-repetitive scanning patterns. The arrow indicates an
enlarged view of the circled area. In the enlarged view, the
orange dots represent the points inside the detection box,
while the white dots represent the points outside the detection
box.
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Fig. 4: The number of “hit” vehicles, pedestrians, and cy-
clists by LiDARs with repetitive and non-repetitive scanning
patterns.

B. Quantitative Analysis on LiDAR Scanning Ability

The result of the statistical analysis of the number of
environmental objects captured by LiDAR in three quality
levels in urban scenes is presented in Figure 4. It is evident
that non-repetitive LiDAR can capture more objects than
repetitive LiDAR. Additionally, as the object size decreases
and the quality levels increase, there is a more significant
increase in the number of objects detected by non-repetitive
LiDAR. Under the condition of n = 15, non-repetitive
LiDAR demonstrates a remarkable 59.62% increase in the
pedestrian category. Thus, in this section, we can draw the
following conclusions:

1) Non-repetitive LiDAR exhibits a superior ability to
capture a larger number of objects across all categories
in both highway and urban scenarios.

2) Non-repetitive LiDAR demonstrates an even greater
capability to capture small objects like pedestrians,
offering higher-quality point clouds.
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Fig. 5: The performances of different 3D object detection
algorithms in the highway scenario under repetitive and non-
repetitive LiDAR scanning patterns.

V. PERFORMANCE OF 3D OBJECT DETECTION
ALGORITHMS

In the second stage of our experiments, we utilized objects
that were successfully captured by LiDAR as ground truth
to train and test multiple 3D object detection algorithms.
We aimed to investigate the impact of various point cloud
patterns generated from LiDAR with repetitive and non-
repetitive scanning patterns on model performance, across
different data representation paradigms and backbone archi-
tectures. To achieve this goal, we selected specific algorithms
for each paradigm: PointRCNN [10] for point-based repre-
sentation, Pillarnet [9] for pillar-based algorithms, SECOND
[7] for voxel-based models, and CT3D [12] and PDV [36]
for innovative transformer-based two-stage detectors. Our
experiments involved testing the absolute metrics of these
algorithms on the “Repetitive-or-not” dataset. Additionally,
we explored the potential of model migration from repetitive
data to non-repetitive data.

A. Performance of Multiple Algorithms on Repetitive-or-not

1) Highway Scenario: In our experiment on the highway
scenario, we focused on inferring and evaluating the category
of vehicles. The dataset was divided into 4917 training
frames and 2523 testing frames. We excluded 560 frames
from the algorithm testing stage because they did not have
any vehicles within the specified range. We evaluated the
detection results of five 3D object detection models using
average precision (AP) as the evaluation metric. It is worth
noting that the models were trained and tested on their
respective training and testing sets with the same scanning
pattern. For instance, we evaluated the results of the “CT3D”
model on the “Repetitive” testing frames, having been trained
on the “Repetitive” training frames.

We consider the vehicles identified by the algorithm
models as true positive (TP) vehicles. In particular, we have
defined predicted true positive instances as those having
prediction boxes with an intersection over union (IoU) value
of 0.7 or greater when compared to the corresponding ground
truth boxes. During the evaluation process, we exclude the
boxes with scores that fall below 0.1. It is essential to note
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TABLE III: The performances of different 3D object detec-
tion algorithms in the urban scenario under repetitive and
non-repetitive LiDAR scanning patterns.

Pillar-based Voxel-based Transformer-based
Pillarnet SECOND CT3D PDV

Non-repetitive
Car 78.47 78.82 87.33 85.94

Cyclist 73.02 73.03 81.36 79.17
Pedestrian 41.05 42.98 56.76 52.48

Repetitive
Car 77.97 77.90 86.62 85.26

Cyclist 74.63 72.85 80.84 78.68
Pedestrian 42.95 41.42 55.80 52.14

Delta AP|R40

Car 0.50 0.92 0.71 0.68
Cyclist -1.61 0.18 0.52 0.49

Pedestrian -1.9 1.56 0.96 0.34

that the 3D object detection algorithms detect only a subset
of the vehicles captured by the LiDAR.

The average precision (AP) is defined as:

AP =
1

40

∑
r∈R

TP

TP + FP
(1)

where we use the “AP|R40
” to calculate the “AP.” The

“R” represents a recall set containing 40 sequential recall
points, and the “FP” represents the number of false positive
estimated objects, mainly vehicles in this section.

Figure 5 illustrates the performance of five 3D object de-
tection algorithms in highway scenarios using both repetitive
and non-repetitive LiDAR point cloud data. With the ex-
ception of point-based algorithms, the remaining algorithms
exhibit similar performance on both types of LiDAR point
cloud data. Due to the significantly lower absolute accuracy
of point-based algorithms, they are excluded from subsequent
discussions. Therefore, it can be concluded that the algorithm
performance is not sensitive to the LiDAR scanning pattern
as long as it meets a certain level of accuracy. Additionally,
based on the results, the accuracy of different algorithm types
can be categorized into three levels, with transformer-based
methods demonstrating the highest accuracy.

2) Urban Scenario: In the urban scenario, we need to
focus on three categories: vehicles, cyclists, and pedestrians.
During our experiment, we divided the entire dataset into
5202 training frames and 2596 testing frames. The remaining
202 frames were excluded from the algorithm testing stage
because they did not contain any objects within the specified
range. In the urban scenario, due to the demand for accuracy,
we provided the detection results for four 3D object detection
models, using AP as the evaluation metric. Similar to the
highway scenario, we considered predicted true positive
samples as those prediction boxes with an IoU value of 0.7
or higher with the ground truth boxes, excluding boxes with
scores below 0.1 during evaluation.

Table III presents the performance of four 3D object detec-
tion algorithms on both repetitive and non-repetitive LiDAR
point cloud data in urban scenarios. Detection is conducted
for three categories: vehicles, cyclists, and pedestrians. Sim-
ilar to the highway scenario, various 3D object detection

TABLE IV: Domain gap of repetitive and non-repetitive
LiDAR scanning patterns in the highway scenario.

Point-based Pillar-based Voxel-based Transformer-based

PointRCNN Pillarnet SECOND CT3D PDV

Repetitive 52.28 82.71 82.91 88.42 89.20

Non-repetitive 42.04 75.32 76.17 85.94 86.08

Delta AP|R40 10.24 7.39 6.74 2.48 3.12

algorithms showcase comparable performance on both types
of LiDAR scanning patterns, with accuracy differences of
nearly less than one point. Consequently, we can draw the
following conclusions:

1) The scanning pattern of LiDAR does not influence
the performance of 3D object detection algorithms.
These models can be trained consistently across vari-
ous categories, producing similar results regardless of
the LiDAR scanning pattern.

2) Transformer-based methods indeed exhibit the highest
performance in the 3D object detection task, while
voxel and pillar-based methods demonstrate satisfac-
tory accuracy. In contrast, point-based methods exhibit
the lowest accuracy.

B. Domain Gap Between Different LiDAR Scanning Patterns

Since the current mainstream datasets are collected from
repetitive LiDAR, there is a lack of diverse non-repetitive
data resources to train models, which may lead to some
safety issues in autonomous driving. To solve this problem,
due to the consistency of the point cloud structure, one
possible solution is to pre-train models using the rich data
from repetitive LiDAR, and then use the pre-trained model
for training and inference on non-repetitive data. To assess
the feasibility of this approach, we tested the migration
ability of different algorithms between different LiDAR
scanning patterns and derived the domain gap resulting from
different scanning patterns. It is important to note that our
datasets for different LiDARs were collected under the same
conditions and scenarios. Therefore, the domain differences
we observed were solely due to the effects of different
scanning patterns of LiDAR. During our experiments, we
trained different models on the repetitive point cloud data
training set and then tested them on both the repetitive
and non-repetitive test sets. This helped us to determine
the difference in performance of the same model on two
different test sets. We used this accuracy degradation to
represent the effect of different scanning patterns on the
domain differences and the different migration abilities of
various 3D object detection algorithms.

1) Highway Scenario: Table IV demonstrates the migra-
tion ability of different algorithms on the vehicle category
in the highway scenario, using the AP difference as an
evaluation metric. The various types of 3D object detection
algorithms do show a certain degree of accuracy degradation
with an average value of 6 points. This reflects the presence
of domain differences between the point clouds collected by
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Fig. 6: Domain gap of repetitive and non-repetitive LiDAR
scanning patterns in the urban scenario.

different LiDAR scanning patterns. Further analysis shows
that the point-based algorithm exhibits the largest accuracy
degradation, and the transformer-based method displays the
smallest accuracy degradation.

2) Urban Scenario: In the urban scenario, we investigate
the accuracy degradation of the three categories of vehicles,
cyclists, and pedestrians. Figure 6 shows the migration ability
of different algorithms on the three categories, as well as
the corresponding domain differences of the three categories.
The results indicate that the pedestrian category exhibits the
largest domain gap, while the vehicle category exhibits the
smallest domain gap. Regarding the different algorithm cate-
gories, the pillar-based and voxel-based methods show signif-
icant accuracy degradation in each category. Conversely, the
transformer-based method demonstrates minimal accuracy
degradation overall and even achieves zero degradation in
accuracy within the vehicle category. So we can draw the
following conclusions:

1) Different scanning patterns do indeed result in a notice-
able domain difference in the point clouds collected by
LiDARs. Moreover, as the size of the object decreases,
the domain gap tends to widen.

2) Transformer-based methods exhibit superior migration
ability between repetitive and non-repetitive scanning
patterns. This capability enables the domain adaptation
from repetitive data to non-repetitive data.

VI. CONCLUSION AND FUTURE WORKS

In general, this paper investigates two scanning patterns
of LiDAR: repetitive and non-repetitive, and their impact
on LiDAR scanning abilities and the performance of 3D
object detection algorithms, as well as the domain gap
generated by different scanning patterns. Based on these two
commonly used LiDAR scanning patterns in current produc-
tion vehicles, we collected the “Repetitive-or-not” dataset
under the same installation conditions and identical acqui-
sition scenarios. Through the comprehensive analysis of the
“Repetitive-or-not” dataset, we observed that non-repetitive
LiDAR exhibits stronger scanning abilities, capturing more
high-quality objects from the environment, especially smaller
objects that are hard to capture. Moreover, the performance
of 3D object detection algorithms is not significantly affected

by different scanning patterns. Finally, through experiments,
we conclude that there is a certain domain gap between point
cloud data obtained from LiDARs with different scanning
patterns, and different kinds of algorithms exhibit certain
differences in migration abilities.

Based on the findings from the above research, we can
draw the following conclusions:

1) Non-repetitive LiDAR holds great promise for the
future. Given the near-identical performance of 3D
object detection algorithms between repetitive and non-
repetitive point clouds, utilizing non-repetitive data is
indeed likely to result in the detection of more ob-
jects. This is because LiDARs employing this scanning
pattern demonstrate an enhanced capability to capture
high-quality objects in various scenarios. Moreover,
non-repetitive LiDARs typically have a lower price
than repetitive LiDARs, showcasing their practical
cost-effectiveness in real-world scenarios.

2) Transformer-based methods indeed emerge as the top
performers in 3D object detection tasks among all al-
gorithm types. Furthermore, they exhibit the strongest
migration abilities, enabling them to maximize the uti-
lization of point cloud data collected by both repetitive
and non-repetitive LiDARs.

It is important to note that the conclusions drawn from
this experiment are based on the same configuration for both
non-repetitive and repetitive LiDAR. However, as shown in
Table I, the hardware specifications of repetitive LiDAR are
better than those of non-repetitive LiDAR, and the number
of points generated by repetitive LiDAR will be greater. In
this research, we mainly aim to demonstrate the effects of
two different scanning patterns, non-repetitive and repetitive,
on the LiDAR scanning ability under the same conditions,
as well as their respective advantages and disadvantages. In
subsequent research, we remain committed to exploring the
impact of time deskewing of 3D scans on the two scanning
patterns. Additionally, we continue to introduce various scan-
ning tasks in more challenging conditions to further explore
the scanning potential of non-repetitive LiDAR. In the future,
with the advancement of LiDAR production technology, we
believe that non-repetitive, as a promising scanning pattern,
will be put into more practical applications.
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