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Abstract— Detecting moving events produced by moving
objects is a crucial task in the realms of autonomous driving
and mobile robots. Moving objects have the potential to create
ghost artifacts in mapped environments and pose risks to
autonomous navigation. LiDAR serves as a vital sensor for
autonomous systems due to its ability to provide dense and
precise range measurements. However, existing LiDAR datasets
often lack sufficient discussion on the motion labeling of moving
objects, containing only a limited representation of moving
entities within a single scene. Furthermore, the methodologies
for Moving Event Detection (MED) on LiDAR sensors have
not been comprehensively explored or evaluated. To address
these gaps, this study focuses on constructing a diverse LiDAR
moving event dataset encompassing multiple scenes with a high
density of moving objects. A thorough review of current MED
techniques is conducted, followed by the establishment of a
performance benchmark based on evaluating these methods
using our dataset. Additionally, part sequences of the dataset
are utilized to host an online MED competition, aimed at
fostering collaboration within the research community and
advancing related studies.

I. INTRODUCTION

During the utilization of autonomous agents such as self-
driving cars or mobile robots, one of the key challenges
in their deployment is the presence of moving objects like
pedestrians crossing suddenly and vehicles moving at high
speeds. These moving objects can leave ghost artifacts during
the SLAM process [1] [2] [3] [4]. These artifacts can lead to
a noisy map, potentially resulting in imprecise localization
or impeding the creation of optimal and safe trajectories.
Dealing with incidents arising from the sudden appearance
of objects is crucial for autonomous navigation. Detecting
moving objects or their components is essential for the
autonomous system’s functionality, a task often referred to as
Moving Event Detection (MED) or event detection, typically
conducted using Event Cameras. However, LIDAR emerges
as a more widely used and crucial sensor for autonomous
agents due to its dense and precise depth measurements,
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Fig. 1: A typical labeled scene. (a) Different semantic classes
are distinguished by various colors. (b) Moving points are
indicated by the color blue, while non-moving points are
represented in grey. (c) A LiDAR frame in this scene
with moving points and non-moving points is labeled with
different instances.

offering a more geometric approach to moving event de-
tection [5]. Some experts in the LiDAR perception domain
also term this task as Moving Object Removal (MOR) [6] or
Moving Object Segmentation (MOS) [7]. While numerous
LiDAR datasets are accessible for research purposes, they
predominantly concentrate on conventional tasks such as 3D
object detection and semantic segmentation in the context of
autonomous driving, rather than on the detection of moving
events [8] [9] [10]. The existing datasets primarily address
semantic aspects or class labels of objects, which do not
provide insights into the dynamic status of the detected ob-
jects. For instance, prevalent 3D object detection algorithms
like [11] are capable of identifying a stationary car but are
unable to determine if it is in motion. Only a limited number
of datasets incorporate motion labels for moving objects,
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Fig. 2: This overview presents the 10 sequences included in our MOE dataset. Non-moving points are depicted in grey,
while points from various movable classes are represented by non-grey colors. Sequence 00 features a simulated indoor
apartment environment obtained from a mobile robot in the Webots simulator. Sequences 01, 06, and 08 showcase outdoor
city scenes captured by an autonomous driving car in the Carla simulator. Sequences 02, 05, and 07 were recorded in the
Gazebo simulator, illustrating a crowded pedestrian setting with varying numbers of walking pedestrians: 50, 100, and 150
respectively. Finally, Sequences 03, 04, and 09 were gathered using a legged robot at different sites on the HKUST campus.

such as [12]. However, these datasets exhibit limited scene
diversity and lack high object density, thereby not adequately
challenging algorithmic evaluation. While some benchmarks
have been introduced for LiDAR moving event detection
or moving object segmentation [7] [13], they assess only
a fraction of the current methods using relatively simplistic
datasets. In this study, we introduce a more rigorous LiDAR
moving event dataset and establish a diversified benchmark
to assess the latest advancements in Moving Event Detection
(MED) approaches.

To summarize, our contributions are outlined as follows:

« We propose a diverse-scene LiDAR dataset with a high
density of moving objects focusing on moving event
detection.

o We conducted a comprehensive literature review on the
latest methodologies, encompassing both non-learning-
based and learning-based approaches for detecting
events involving motion.

o We assessed existing detection methods for events in-
volving motion and established a benchmark for such
methods.

o We are organizing a competition utilizing our dataset
and have created a leaderboard for participants aiming
to encourage advancements in future research on event
detection involving motion.

For more information about the MOE Dataset or the
competition and leaderboard, please visit our project page
https://sites.google.com/view/moe-dataset.

II. RELATED WORK
A. LiDAR Datasets

LiDAR serves as a fundamental sensor in the realm of au-
tonomous driving and mobile robotics. While certain LIDAR
datasets like S3DIS [14], Paris-lille-3D [15], and Seman-
tic3D [16] primarily focus on static environments, prominent
LiDAR datasets within the fields of robotics and computer
vision, such as KITTI [&], nuScenes [©], and Waymo Open
Dataset [10], are tailored towards facilitating 3D object
detection or semantic segmentation for autonomous driving

applications. These datasets offer bounding box labels for
object detection or point-wise labels for semantic informa-
tion, catering to multi-modal sensors and extensive scenarios.
These annotations empower researchers to extract object
category information effortlessly. Nevertheless, while object
semantics can indicate whether an object is movable, they do
not provide insights into the immediate motion characteris-
tics of an object, such as whether it is moving at a particular
time or not. Conventional object detection methods [1 1] [17]
[18] and semantic segmentation algorithms [19] [20] [21]
also fall short in determining whether a stationary vehicle
parked by the roadside is in motion or not, despite being
able to identify its category through 3D object detection or
semantic segmentation.

Some datasets primarily focus on single-class moving
objects such as pedestrians rather than vehicles. For instance,
the L-CAS People Dataset [22] offers LiDAR labels for
individual persons and groups of people when the robot
is in motion or stationary. However, this dataset is limited
to a single fixed indoor setting and lacks diverse outdoor
scenarios. The DOALS dataset [23] gathers LiDAR data of
pedestrians from various indoor environments. Nonetheless,
the movement labels are generated through an automated
approximation process, which may not be as precise as man-
ual labeling. On the other hand, the UofTPed Dataset [24]
ensures accurate positioning data by equipping pedestrians
with GPS devices. Nevertheless, the sequences in this dataset
exhibit relatively low pedestrian density and only feature
one pedestrian per sequence. Furthermore, these pedestrian
datasets do not include explicit movement labels, focusing
instead on object class labels.

SemanticKITTI [12] is a dataset derived from the well-
known KITTI [8], where the authors manually annotate
point-wise semantics and motion supervision signals. The
dataset distinguishes between parked cars and moving cars.
However, most sequences in SemanticKITTI [ 2] have sparse
moving objects, typically one or two vehicles. On the con-
trary, SemanticPoss [25] captures a sequence in a bustling
city block, allowing for more abundant moving objects com-
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Fig. 3: Simulation environments. (a) A simulated apartment
indoor environment in the Webots simulator. (b) A typical
city scene in the Carla simulator. (¢) A high-density crowd
scene in the Gazebo scene.

pared to SemanticKITTI [12]. Nevertheless, SemanticPoss
is restricted to a single structured outdoor setting and lacks
motion labels for moving objects. Building on the ideas
of SemanticKITTI [12] and SemanticPoss [25], we gather
various LiDAR sequences encompassing indoor and outdoor
environments with a substantial number of moving objects
such as pedestrians and cars. We meticulously annotate
hierarchical motion labels for each point to create a more
varied and densely populated dataset of moving events. A
study closely related to ours is presented by Q. Zhang et
al. [13]. However, their work heavily depends on existing
datasets like [12], with the addition of a modest self-collected
dataset. Furthermore, their benchmark evaluation includes
only three non-learning-based methods, which may not fully
capture the current research landscape.

B. Detection Methods

Moving Event Detection (MED), sometimes called Mov-
ing Object Removal (MOR) or Moving Object Segmentation
(MOS) depending on different goals after detection, is a
research hot spot in the field of LiDAR sensing. The tradi-
tional MED methods can be divided into three classes: map-
based, visibility-based, and segmentation-based approaches.
Besides,learning-based methods are also appealing to re-
searchers’ interest recently.

Numerous map-based techniques employ ray-casting, as
evidenced in Octomap [26], Dynablox [27], and the work
by Pagad et al. [28]. These methodologies analyze the inter-
sections and non-intersections of laser scans within the 3D
voxel space to determine the probability of space occupancy
or to navigate the voxel occupancy grid, akin to the Peo-
pleremover algorithm [29]. Nevertheless, the computational
demands of ray-casting or ray-tracing can be prohibitive in
three-dimensional space. Other techniques concerning the
partitioning of map space fall into this category as well. In
contrast to the division of map space into an occupancy grid
or voxel grid based on Cartesian coordinates, certain methods
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Fig. 4: (a) The legged-wheeled robot used for collecting data
in HKUST campus. (b) A small outdoor scene near the CYT
building on the HKUST campus. (b) A half-indoor scene in
the Jockey Club playground on the HKUST campus. (c) An
outdoor scene around the Redbird playground on the HKUST
campus.

segment the map space into a polar coordinate frame. These
methods utilize specific descriptors to distinguish dynamic
points on moving objects; however, descriptors like those in
ERASOR [30] are superficial and lack robustness in highly
dynamic environments. A recent advancement, ERASOR?2
[31], has been introduced with enhancements focusing on
instance segmentation. Nonetheless, its fundamental concept,
derived from ERASOR [30], reliant on pseudo occupancy
predicated on a significant variance in free space percentage
within the LiDAR sweep space for most collected scans
utilized in mapping, may encounter similar limitations as
ERASOR [30] in dynamic environments characterized by
a high density of moving objects. Certain methodologies,
such as the one presented by Falque et al. [32], opt to
leverage point cloud normals instead of geometric descriptors
to discern moving objects.

Another category of MED techniques is referred to as
the visibility-based approach, which entails evaluating the
visibility contrast between a query point and a base point
within a limited field of view (FOV). The underlying princi-
ple is that if the query point is obscured by the base point,
then the nearer base point should be considered dynamic.
Typically, a preconstructed noisy map is frequently utilized
as the primary reference for the base point in visibility
assessments. Nevertheless, these methodologies [33] [34]
may encounter challenges in scenarios with a substantial
incident angle or when obstructed by a significant obstacle,
commonly known as visibility issues. Removert [6] aims
to mitigate these challenges by initially removing dynamic
points aggressively, followed by an iterative process to rectify
misclassified static points. On the other hand, M-Detector [5]
employs a series of tests to validate the motion of each point
based on visibility evaluations between consecutive scans.
Despite its effectiveness, M-Detector still requires parameter
adjustments to accommodate new LiDAR sequences.

Segmentation-based techniques, as discussed in [35] and
[36], rely on plane fitting. These methods utilize a ground
plane model to distinguish between moving objects and
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the static ground plane. However, in scenarios with a high
number of dynamic objects present on the ground, these ap-
proaches may face challenges. A recent development, Map-
Cleaner [37], introduces a terrain segmentation approach.
Nevertheless, the researchers did not address strategies for
handling situations where dynamic points are incorrectly
classified as ground points. Additionally, works such as
DORF [38] attempt to combine multiple approaches to
achieve a better balance between detecting moving objects
and preserving static objects. But specific tuning for hyper-
parameters is still needed in DORF.

Moreover, driven by the rapid advancement of deep learn-
ing, conventional dynamic entities such as vehicles and
pedestrians are now detectable through sophisticated deep
neural network architectures in the realm of 3D object
detection [11] [17] [18] , semantic segmentation [19] [20]
[21] [39], instance segmentation [40] [41], and panoramic
segmentation [42]. Despite the provision of semantic labels
by deep learning techniques, distinguishing whether an ob-
ject is in motion remains a challenge. Current learning-based
methodologies fall short in adequately addressing the need
for detecting moving events. Noteworthy scholars, X. Chen
and C. Stachniss, have made significant contributions to the
integration of deep learning for object detection based on
motion cues. Their research group has introduced a range of
learning-based approaches [7] [43] [44] [45] [46]. LIDAR-
MOS [7] employs a sequence of residual range images as
an intermediary representation, coupled with a Convolu-
tional Neural Network (CNN), to enhance detection speed
compared to the LiDAR frame rate. In contrast, 4DMOS
[43] utilizes a set of downsampled LiDAR scans within
a sparse 4D CNN to jointly extract spatial and temporal
features for predicting moving objects. Similarly, akin to
LIDAR-MOS [7], RVMOS [47] proposed by J. Kim et al.
integrates sequential range images with customized feature
extraction networks. While prior studies have combined
spatial-temporal information, MotionSeg3D [44] separates
spatial and temporal features into distinct branches within
the network, integrated using a sparse 3D CNN. AutoMOS
[45] amalgamates traditional and learning-based methods in
a two-stage process. Initially, it employs ERASOR [30] for
automatic detection and tracking of moving objects, followed
by training a neural network in the second stage using the
detected moving objects as supervisory signals. InsMOS
[48] extracts motion attributes, spatio-temporal features, and
instance particulars from varied modules, merging them to
achieve moving object segmentation. Lastly, MapMOS [46]
upholds a volumetric belief map, integrating new predictions
through a voxel-wise binary Bayes filter to rectify earlier
erroneous estimations, thereby boosting robustness.

Bird’s Eye View (BEV) is another research trend in
LiDAR perception. MotionBEV [49] converts 3D LiDAR
scans into a 2D polar BEV representation to improve com-
putational efficiency, and segments moving objects with
appearance and motion features in the BEV domain.

III. DATASET CONSTRUCTION
A. Data Collection

We gathered multiple sequences from diverse indoor and
outdoor environments. Since LiDAR data exclusively pro-
vides geometric information that can be readily simulated
through ray-tracing, and obtaining labels is more straight-
forward compared to manual labeling, we utilized renowned
robotics simulators such as Webots [50], Gazebo [51], and
Carla [52] to augment our dataset. Illustrated in Fig. 3, we
replicated an apartment scenario featuring a robot navigating
amidst randomly moving individuals within the residence.
To emulate a scenario with high pedestrian density, we
captured data from a Gazebo setting with 50-150 pedestrians
occupying a 70mx 10m rectangular space, where each frame
captured by the LiDAR sensor mounted on the robot detected
numerous pedestrians in motion. Moreover, we simulate a
large amounts of moving vehicles and pedestrians in Carla to
get several urban traffic sequences. Furthermore, as depicted
in Fig. 4, we also acquired data from various outdoor urban
settings in addition to the aforementioned indoor scenarios. A
rough overview of our dataset sequences can be seen in Fig.
2. In these simulations, the accurate ground truth poses and
motion labels were easily obtained through the simulator’s
API. Whereas, for the data collected in real-world settings,
the poses were estimated using a reliable SLAM method
[3] and the motion labels were assigned through manual
annotation, as shown in Fig. 1.

B. Data Annotation

To efficiently represent the useful information about mov-
ing objects, we propose a new hierarchical motion label
system for our dataset. As shown in Fig. 5, the hierarchical
motion label system consisted of 3 layers. The first layer
indicates if the object is moveable or not (1 for movable,
0 for non-movable). Then, the second layer shows whether
the object’s status is moving or not (1 for moving, 0 for
non-moving). Last, we will add the semantic class labels for
movable objects (-1 for non-movable objects).

Moveable
D

Moving

Status

Fig. 5: Hierarchical structure of our proposed motion label,
which consists of three layers. The first layer indicates
whether the object is movable like a car or not. The second
layer represents the moving status of the object - moving or
non-moving. The third layer illustrates the semantic class id
for the moving object.

12312



C. Dataset Analysis

This dataset primarily focuses on densely populated envi-
ronments with dynamic movements of pedestrians and vehi-
cles. A comparative analysis is conducted with well-known
datasets such as S3DIS [14], Paris-lille-3D [15], Semantic3D
[16], KITTI [8], SemanticPOSS [25], and SemanticKITTI
[12], as delineated in Table I. Notably, the majority of these
foundational datasets do not explicitly include motion labels,
making it challenging to discern whether a vehicle is in mo-
tion or non-moving. The dataset most akin to our proposed
MOE Dataset is SemanticKITTI [ 2], which pioneers the use
of explicit motion labels to denote the movement status of
objects. Our MOE Dataset, featuring a hierarchical motion
labeling system, exhibits a significantly higher average of
moving points per second compared to its predecessor [12].

IV. EXPERIMENTS AND BENCHMARK
A. Evaluation Metrics

For quantifying the MED performance, we use the com-
monly applied Jaccard Index or intersection-over-union (IoU)
metric over detected moving points, which is given by:

B TP

~ TP+FP+FN

where TP, FP, and FN represent the counts of true positive,
false positive, and false negative predictions related to the

moving class. In this context, positive points denote moving
points, whereas negative points refer to non-moving points.

IoU

B. Results and Discussion

We assess eight state-of-the-art (SOTA) techniques using
the 00, 01, and 02 sequences from our newly introduced
MOE Dataset. Within these cutting-edge approaches, three
belong to the offline category, namely Removert [0], ERA-
SOR [30], and Octomap [26]; three are non-learning online
methods, including Dynablox [27], Dynamic Object Detec-
tion (DOD) [32], and M-detector [5]; and two represent
distinct learning-based methodologies, namely InsMOS [48]
and MotionBEV [35].

Since certain methodologies such as ERASOR [30] gen-
erate a voxelized result map, we uniformly reduce the
resolution of all result maps and the ground truth point cloud
map to facilitate rapid and fair evaluation. Specifically, we
downsample the point cloud maps for sequences 00 and 02
to a resolution of 0.2 meters, while for the larger scene in
sequence 01, we use a resolution of 0.5 meters. In the case
of non-learning methods, we adjusted their parameters for
each sequence. Conversely, for learning-based approaches
like InsMOS [48] and MotionBEV [35], we validate their
generalization capacity by employing models trained on the
extensive SemanticKITTI datasets [12] to mitigate overfitting
issues that may arise from training and testing on the
same dataset. The evaluation in Table II reveals that DOD
achieves the highest average IoU compared to other advanced
methods. Nonetheless, the obtained average IoU of 0.508 is
considered relatively low for moving event detection. Despite
learning-based methods like InsMOS [48] exhibiting slightly

inferior performance to the traditional non-learning method
- DOD [32], we anticipate their potential to address the
moving event detection challenge effectively in the future,
attributing this to the robust fitting capability of deep neural
networks and the rapid advancements within the associated
research community.

-~ Moving Event Detection Competition on MOE LiDAR Dataset
I0E

&,

sssss

Fig. 6: A preview for the interface of our competition and
leaderboard.

C. Leaderboard and Competition

We believe our proposed MOE Dataset is more chal-
lenging than previous datasets for LiDAR moving event
detection. In order to facilitate the development of related
research fields, we use part sequences of the MOE Dataset
to host a competition for the moving event detection task
with LiDAR, as shown in Fig. 6. For more details, please
visit our project page.

V. CONCLUSIONS

In this work, we introduce a comprehensive LiDAR dataset
called MOE, specifically designed for multi-scene, and dense
moving event detection. Additionally, we conduct an exten-
sive review of the latest state-of-the-art (SOTA) techniques
used in detecting moving events using LiDAR sensors.
Furthermore, we assess the performance of these advanced
algorithms on our MOE Dataset to establish a performance
benchmark. Moreover, we leverage segments of the MOE
Dataset to organize an online competition aimed at advancing
research in the field of moving event detection. Moving
forward, our focus will be on developing a learning-based
approach to enhance the generalized detection of moving
events with LiDAR technology.
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Fig. 7: Quality evaluation on the sequence 00 of our proposed MOE Dataset. In the first subfigure (00-GT), the coral color
is the moving point while the grey is the non-moving point. In the remaining subfigures, the red is the True Positive (TP)

point, the green is the False Positive (FP) point, the blue is the False Negative (FN) point, and the grey is the True Negative
(TN) point.
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Fig. 8: Quality evaluation on the sequence 01 of our proposed MOE Dataset. In the first subfigure (01-GT), the coral color
is the moving point while the grey is the non-moving point. In the remaining subfigures, the red is the True Positive (TP)

point, the green is the False Positive (FP) point, the blue is the False Negative (FN) point, and the grey is the True Negative
(TN) point.
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Fig. 9: Quality evaluation on the sequence 02 of our proposed MOE Dataset. In the first subfigure (02-GT), the coral color
is the moving point while the grey is the non-moving point. In the remaining subfigures, the red is the True Positive (TP)

point, the green is the False Positive (FP) point, the blue is the False Negative (FN) point, and the grey is the True Negative
(TN) point.
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Metric

Dataset Frames | Points Type Annotation Scene Average Moving Points Per Frame
S3DIS [14] 5 215M static point clouds point-wise Indoor No motion label
Paris-lille-3D [15] 3 143M static point clouds point-wise Outdoor No motion label
Semantic3D [16] 30 4009M static point clouds point-wise Outdoor No motion label
KITTI [8] 14999 1799M sequential point clouds bounding box | Outdoor No motion label
SemanticPOSS [25] 2988 216M sequential point clouds point-wise Outdoor No motion label
SemanticKITTI [12] 23201 2848M sequential point clouds point-wise Outdoor 308
MOE 23406 1177M | synthetic/sequential point clouds point-wise Diverse 2068
TABLE I: Comparision with current LiDAR datasets
Method : :
Seq# Removert[6] ERASOR[30]  Octomap[!3] Dynablox[27] DODI[32] M-Detector[5] MotionBEV[49]  InsMOS[4§]
00 0.297 0.378 0.328 0.320 0.786 0.305 0.002 0.495
01 0.028 0.028 0.031 0.195 0.142 0.174 0.055 0.282
02 0.421 0.627 0.652 0.492 0.595 0.044 0.069 0.379
Average IoU[%] 0.249 0.344 0.337 0.336 0.508 0.174 0.042 0.385
TABLE II: Evaluation on some SOTA methods with IoU metric
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