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Abstract— 3D moving object segmentation (MOS) is vital
for autonomous systems, providing essential information for
downstream tasks like mapping and localization. However,
current MOS methods face challenges due to the limitation
of existing datasets, which are sparse in moving objects and
limited in scene diversity. Meanwhile, the prevalent meth-
ods are projection-based, struggling with the challenge of
blurred boundaries. To tackle the dataset issue, we introduce
a nuScenes-based MOS dataset, which provides richer scenes
and more dynamic instances. To alleviate the boundary blur-
ring issue and further improve accuracy and generalizability,
we propose a dual-branch multimodal fusion MOS network,
MOSFormer. The Transformer structure is incorporated to
extract spatio-temporal information better, while image se-
mantic information is utilized to refine the boundaries of
moving objects. Finally, experiments on two datasets show
that our method achieves state-of-the-art performance, and a
mapping experiment with our method confirms its effectiveness
in downstream tasks such as mapping and localization.

I. INTRODUCTION

Autonomous systems are affected by the presence of
numerous moving objects in traffic scenarios, such as vehi-
cles, pedestrians, and bicycles. These moving objects lead
to ghosting phenomena during the mapping process and
affect localization accuracy. To mitigate the adverse effects
of moving objects, the moving object segmentation (MOS)
task emphasizes segmenting points in motion, which utilizes
point cloud sequences to infer the dynamic attributes of ob-
jects. Real-time and reliable MOS results provide important
information for downstream tasks, such as path planning
[1], mapping [2], and localization [3], which are crucial for
autonomous systems.

Current works in 3D MOS field mainly fall into two cate-
gories. One is geometry-based methods [2], [3], which utilize
the relationship between point clouds and maps to divide
them into static and dynamic points. However, these methods
rely on the maintenance of maps, and segmentation errors
can occur if moving objects are not correctly filtered out
from the maps. In recent years, learning-based methods such
as LMNet [4], 4DMOS [5], RVMOS [6], and MotionSeg3D
[7] have been proposed. Most of these methods project point
clouds into range images, learning motion information from
multiple frames and utilizing networks to infer MOS results.
Due to the limited resolution of range images, multiple points
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(a) Boundary Blurring (b) Ground Truth

Fig. 1. An example of boundary blurring. The left shows the prediction
from MotionSeg3D, and the right shows the ground truth. Boundary blurring
can lead to predicted boundaries expanding outward or contracting inward.

can be projected onto a single pixel, leading to a many-to-
one problem that causes boundary blurring when projecting
the image back into 3D space. Fig. 1 illustrates an example
of a blurred boundary in the prediction result. Although
methods like MotionSeg3D [7] attempt to use a two-stage
network architecture to improve the back-projection process,
this issue has not been adequately addressed due to the lack
of texture information in point clouds.

Additionally, most current learning-based MOS works are
trained on the SemanticKITTI MOS [4] and its supplemen-
tary dataset, KITTI-Road MOS [7]. Both are annotated based
on the original sequences in KITTI. Due to the limitations of
the original data, these datasets suffer from restricted scenes
and sparse moving objects. This imbalance between dynamic
and static samples compromises the ability of datasets to
evaluate the performance of MOS methods.

To address the boundary blurring issue, we design a
Semantic-guided Label Voting (SLV) module in back-
projection process. Compensating for the sparsity and lack
of texture information in LiDAR, we utilize dense image
semantic information to generate more refined and reli-
able segmentation boundaries. To enhance the capability
of capturing motion information across frames, we also
introduce the 3D Multi-head Self-Attention (MSA) module
in our Transformer-based network. Moreover, regarding the
limitations of current MOS datasets, we propose nuScenes
for MOS dataset, offering richer scenes and more diverse
moving objects than existing MOS datasets.

In summary, the contributions of this paper are as follows:
• We introduce MOSFormer, a dual-branch multi-modal

fusion MOS network that addresses boundary blurring
with the 3D MSA module for temporal information
extraction and the SLV module for boundary refinement.

• To improve the capability of dataset to evaluate MOS
methods, we propose the nuScenes for MOS dataset,
offering richer scenes, more dynamic instances, and
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more comprehensive sensors. The dataset will be open-
sourced as planned.

• Our method achieves state-of-the-art performance on
two datasets and demonstrates its practical value
through a qualitative mapping experiment.

II. RELATED WORKS

A. LiDAR Semantic Segmentation

LiDAR semantic segmentation methods can be categorized
into three approaches based on the representation of point
clouds: 1) Point-based methods [8], [9], inspired by the
approach of extracting point-wise features in PointNet [8]
and PointNet++ [9], processes points based on neighborhood
relations. These methods usually require excessive compu-
tational resources. 2) Voxel-based methods [10], [11] divide
space into voxels and use sparse 3D convolutions to extract
voxel features, thus balancing accuracy and speed. 3) View-
based, projects point clouds into range views [12], [13] or
bird-eye views [14], which are also known as projection-
based methods. Benefiting from advancements in 2D image
domain [15], [16], view-based methods introduce Trans-
former structure and show significant potential.

3D semantic segmentation tasks and MOS tasks are
closely related, both involving point-level segmentation of
point clouds. However, MOS tasks place greater emphasis on
the dynamic information from instances across consecutive
frames, while semantic segmentation focuses exclusively on
the semantic categories of objects within a single frame.

B. 3D Moving Object Segmentation

Initially, geometry-based methods [2], [3] were proposed,
which segmented dynamic and static points through the
consistency of points when matching LiDAR scans with
offline maps. The M-detector [17] method later improved
on this by comparing the occlusion relationships of points
over time. However, both methods depend on offline maps
and are prone to ghosting phenomena from moving objects.

In recent years, numerous learning-based methods [4]–
[7], [18] have been proposed. LMNet [4] utilizes LiDAR
range images and residual images to segment moving ob-
jects, while 4DMOS [5] employs sparse 4D convolutions to
extract spatial and temporal features jointly. MotionSeg3D
[7] has designed a dual-branch network to leverage spatial
and temporal information better in sequential LiDAR scans.
RVMOS [6] integrates the motion and semantic features of
point clouds for improved segmentation of moving objects.

Notably, to balance network performance and efficiency,
current methods typically use range view as an intermediate
representation for feature extraction. When projecting point
clouds into range images, limited by the resolution, multiple
points often exist within a single pixel. This many-to-one
problem leads to ambiguities when back-projecting the image
to 3D space, which restricts accuracy improvements.

Existing methods mainly focus on LiDAR and underuti-
lize low-cost cameras, which are common on autonomous
vehicles. Research in 3D semantic segmentation [19], [20]

has shown that images can provide dense semantic informa-
tion, compensating the sparsity of point clouds and offering
potential benefits for the 3D MOS field.

C. 3D MOS Datasets

Currently, open-source MOS datasets are limited, with two
widely used datasets as follows:

SemanticKITTI MOS Dataset [4]: A large LiDAR-
based MOS benchmark based on SemanticKITTI [21], which
includes 11 training sequences and 11 testing sequences,
totaling 43,552 annotated frames. The dataset suffers from
an overly sparse presence of dynamic instances, with 25.77%
of the frames containing more than 100 dynamic points.

KITTI-Road MOS Dataset [7]: An MOS dataset based
on the KITTI road data, includes 12 sequences, 5,794
annotated frames, with over 60% containing more than
100 dynamic points. However, due to its limited annotated
data, it generally serves as a supplementary dataset to the
SemanticKITTI MOS Dataset.

Overall, current datasets have the following issues: 1) lack
of scenario diversity, which is reflected in the limited number
of data sequences; 2) imbalance between dynamic and static
samples, with moving objects being scarce in the scenes.

III. NUSCENES FOR MOS DATASET

To address the shortcomings of the current MOS datasets
with limited scenes and sparse moving objects, we propose
a new MOS dataset: nuScenes for MOS.

1) 3D Annotation of Moving Objects:
The nuScenes dataset [22] is a large-scale dataset for au-

tonomous driving research, including high-resolution images,
LiDAR data, GPS, and IMU data. The instance-level 3D
object detection annotations allow for tracking the motion of
each instance and creating a nuScenes-based MOS dataset.

Following SemanticKITTI MOS annotation rules [4],
nuScenes for MOS includes point-level annotations, classify-
ing points into static, moving, or ignore. Instances are tracked
to determine velocity and due to the jitter in bounding box
annotations, a speed threshold of 2 km/h is set to categorize
them as dynamic or static. Point clouds are then annotated
based on instance bounding boxes and categories. Instances
that appear only once are categorized as ignore.

2) Comparison with Existing MOS Datasets:
Table I compares our proposed nuScenes for MOS with

existing MOS datasets (SemanticKITTI MOS Dataset [4],
KITTI-Road MOS Dataset [7], and a combination of both).
The nuScenes for MOS has the following advantages:

• More Diverse Scenes: NuScenes for MOS contains
1000 data sequences, each with a duration of 20 sec-
onds. Compared to the existing KITTI-based datasets, it
offers more diverse scenes and environments, presenting
a more challenging dataset for MOS tasks.

• Richer Moving Instances: NuScenes for MOS in-
cludes 25.4k moving instances within 40k annotated
frames, while Combined KITTI dataset contains about
1k moving instances. Following the definition of dy-
namic frames in [7], the proportion of frames with more
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TABLE I
MOS DATASETS COMPARISON

SemanticKITTI MOS [4] KITTI-Road MOS [7] Combined KITTI MOS nuScenes for MOS
Sensors Lidar*1 Camera*2 Lidar*1 Camera*6
Scenes 22 12 34 1000
Annotation for training 23201 5794 28995 40k
Moving instances 660 484 1144 25.4k
Proportion of dynamic frames 25.77% >60% >30% 58%

than 100 dynamic points in nuScenes for MOS is sig-
nificantly higher than in the Combined KITTI dataset,
which helps alleviate the issue of sample imbalance.

• More Comprehensive Sensors: NuScenes data is col-
lected using a platform with a top-view LiDAR and
6 surround-view cameras. Compared to the front-view
images in KITTI-based datasets, nuScenes for MOS is
better suited for multi-modal fusion.

IV. METHOD

A. MOSFormer

1) Overview:
We propose a dual-branch network for segmenting moving

objects, utilizing LiDAR and image information to achieve
accurate 3D segmentation. Fig. 2 shows the specific network
structure. This network comprises three parts: the LiDAR
branch, the Camera branch, and the back-projection module.

LiDAR Branch: The input point clouds are first projected
into range images according to equations in [13], and residual
images are obtained using the pose information of the vehicle
(which can be acquired from the dataset or calculated directly
from IMU data and wheel speed sensor data). The residual
images and range images are then concatenated and fed into
the Sequential Transformer Module (STM) to obtain MOS
results in range view.

Camera Branch: To optimize the efficiency of the camera
branch, the images are fed into the existing BiSeNetv2 [23]
to obtain semantic segmentation results, which can balance
speed and accuracy.

Back-projection Module: To address potential ambigui-
ties when back-projecting the range image into 3D space,
we designed a Semantic-guided Label Vote (SLV) operation.
This operation integrates image-level semantics with MOS
results in range view to assign dynamic or static labels to
unknown points, ultimately yielding 3D MOS results.

2) Sequential Transformer Module:
Inspired by [24], we design the Sequential Transformer

Module (STM) to process sequential frames of residual and
range images. Similar to [13], we adopt a pyramid structure
to extract information at different scales. This pyramid struc-
ture comprises four stages, corresponding to down-sampling
ratios of 1, 2, 4, and 8. As illustrated in Fig. 3, the structure of
Transformer Block at each stage comprises two components:
a 3D Multi-head Self-Attention (MSA) module and a Feed-
Forward Network (FFN) module.

3D Multi-head Self-Attention: The mechanism of 2D
Multi-head Self-Attention has been proven effective for
extracting image features [15]. We extend this mechanism

to 3D, allowing it to process sequential input information.
For the input tokens H ×W × T , given a window size of
P×P×D, the tokens are divided into H/P×W/P×T/D
3D windows, within which multi-head self-attention is per-
formed. This adaptation enables the model to capture spatial-
temporal relationships within the data, enhancing its ability
to understand and segment moving objects.

Feed-Forward Network: The FFN consists of two Multi-
Layer Perceptrons (MLPs) layers, with a GELU activation
layer in between:

FFN (I) = Linear (GELU (Linear (I)))⊕ I (2)

where I represents the input to FFN, ⊕ denotes the residual
connection and Linear denotes MLP layer.

3) Semantic-guided Label Vote:
In LiDAR branch and Camera branch, we obtain MOS

results in range view and image semantic segmentation
results, respectively. The original point cloud is projected
onto the semantic images to assign semantic labels, creating
a 3D semantic point cloud. Simultaneously, the MOS results
in range view are back-projected into 3D space to obtain
a coarse 3D MOS result. Due to the many-to-one problem
of range view projection, the dynamic-static state of some
points is uncertain and thus requires refinement. We con-
catenate the semantic labels of points with the MOS labels
and input them into PointMLP [25] to obtain the final refined
3D MOS results. The structure is shown in Fig. 4.

V. EXPERIMENT

A. Experiment Setups:

1) Datasets:
We evaluate our proposed method on two MOS datasets

and compare it with the current state-of-the-art (SOTA)
methods. The details of the datasets are as follows:

KITTI MOS Dataset combines two existing KITTI-
based MOS Dataset [4], [7]. We adopt the dataset division
in [7], which includes 34 sequences, with 16 sequences
(22,035 frames) for training, 7 sequences (6,960 frames) for
validation, and 11 sequences (20,351 frames) for testing.

nuScenes for MOS Dataset is our proposed MOS
dataset, containing 1,000 sequences (40,000 frames). We
divide the dataset into three parts: sequences 000-599 for
training, 600-699 for validation, and 700-999 for testing.

2) Implementation Details:
All experiments are conducted with NVIDIA RTX 3090.

The input sequence comprises four frames, with a time inter-
val of 0.2s in KITTI MOS Dataset and 0.5s in the nuScenes
for MOS Dataset. The AdamW optimizer and a warmup
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Fig. 2. A Network Overview of MOSFormer

learning rate policy are utilized. Consistent with [13], we
employed cross-entropy dice loss, Lovasz-Softmax loss, and
boundary loss [26] for supervision. And Intersection-over-
Union (IoU) is used to evaluate MOS performance.

B. Experiment Results and Comparisons

We compare our method with SOTA approaches, and
Table II shows the performance of different methods. In the
experiments, our method is compared with several LiDAR-
based moving object segmentation methods. Notably, all
training and testing are conducted respectively on KITTI
MOS and nuScenes for MOS.

LiMoSeg [27] and 4DMOS [5], which are voxel-based
methods, achieve higher IoU on the KITTI MOS dataset but
show a performance drop on the nuScenes for MOS dataset.
This may be due to their poor adaptability to different scene
environments, failing to handle the complex environments in
the nuScenes dataset effectively.

LMNet [4], MotionSeg3D [7], RVMOS [6], and LiDAR-
SGMOS [18] are range view-based methods that perform
well on the KITTI MOS dataset but also experience a
severe performance decrease on nuScenes for MOS dataset.
RVMOS and LiDAR-SGMOS cannot be tested on nuScenes
for MOS dataset due to the lack of open-source code.

In contrast, our proposed method shows a certain im-
provement on the KITTI MOS dataset and significantly
outperforms on the nuScenes for MOS dataset. And more

Fig. 3. Architecture of basic Transformer Block in Sequential Transformer
Module. 3D Multi-head Self-Attention is introduced to fully extract spatio-
temporal information.

Fig. 4. Architecture of Semantic-guided Label Vote Module. PointMLP is
used to fuse semantic points and coarse 3D MOS results to obtain refined
MOS results.

qualitative comparisons in Fig. 5 highlight our method’s su-
perior accuracy and stability, especially in handling boundary
blurring issues. In qualitative and quantitative experiments,
our method achieves robust and accurate prediction results
in complex scenarios with refined boundaries.

C. Ablation Study

We conduct ablation studies on our contributions to verify
their impact on accuracy improvement. All ablation experi-
ments are based on the nuScenes for MOS dataset to better
showcase the advantages of our method. Table III shows the
results of the ablation experiment.

Transformer Structure: Compared to traditional CNN
network structures, the Transformer structure has the ad-
vantage of global attention. Works in the 2D semantic
segmentation field [15], [16] also prove the significant value
of the Transformer structure in improving accuracy. Our test
between using a Transformer structure and a CNN structure
(SalsaNext [12]) shows that even a standard Transformer
structure could enhance network performance and generaliz-
ability (with 5.4% improvement in accuracy).

3D MSA: In our method, 3D MSA replaces the ordinary
global self-attention mechanism [15], resulting in a 6.6%
increase in accuracy. The results demonstrate that 3D MSA
is more effective in extracting temporal information from
input sequences and helping the network capture the motion
information of objects.
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TABLE II
MOS PERFORMANCE COMPARED WITH THE

STATE-OF-THE-ART METHODS

Methods Rep. IoU1 IoU2 Latency
LiMoSeg Voxel 52.6 41.7 8ms
4DMOS 72.9 63.6 110ms
LMNet

Range

64.3 53.3 35ms
MotionSeg3D 71.4 62.0 132ms
RVMOS 71.2 - -
LiDAR-SGMOS 69.0 - -
Ours(L)3

Range 73.2 67.8 83 ms
Ours(L+C)3 73.9 68.7 97 ms
1 is tested on KITTI MOS val dataset
2 is tested on nuScenes for MOS test dataset
3 L indicates LiDAR input, and C indicates image input

SLV: Our method introduces a camera branch and the
SLV module to address boundary blurring issues during the
back-projection process. Utilizing semantic information, the
network can correct misclassified points. The ablation study
shows a modest accuracy improvement (0.9%) with SLV, but
this is less significant than expected. Considering the lack of
ground truth for image semantic segmentation in nuScenes,
we attribute this to the use of a pre-trained semantic seg-
mentation model that was not fine-tuned on nuScenes. This
leads to ambiguities in image semantic segmentation that
could confuse the judgment of the network, preventing the
SLV module from achieving its expected effect. Additionally,
our fusion module employs a late fusion approach that only
partially integrates the information from both modalities,
which will be the focus of our future research.

D. Efficiency

The efficiency of our method is analyzed on the NVIDIA
3090 platform, with results shown in Table I. Despite using
a more complex Transformer structure, our method still
satisfies the real-time requirement of 10Hz, aligning with
the LiDAR sampling frequency. Considering that we only
utilize the most basic Transformer structure, there is still
room for improvement in network efficiency, which will be
the direction of our future work.

E. Mapping with Proposed MOS

The MOS task was initially proposed to filter out moving
objects in scenes to eliminate the interference of moving
objects on mapping and localization tasks [2], [3]. Therefore,
to demonstrate the effectiveness of MOSFormer, we conduct
qualitative experiments on its impact on mapping results.

We collect data in a campus environment with complex
moving objects using a data collection vehicle equipped
with a Hesai 40-Beam LiDAR, four fisheye cameras, and
GPS/IMU sensors. Moving objects in the scene include
vehicles, bicycles, and pedestrians. Fig. 6 shows the qual-
itative results of the mapping experiments. The upper image
displays the mapping result using LIO-SAM [28] directly.
As demonstrated in the mapping results within the red
box, severe ghosting phenomena caused by moving objects
significantly reduce map quality. The lower image shows the

TABLE III
ABLATION STUDY EVALUATED ON NUSCENES FOR MOS

CNN Transformer +3D MSA +SLV IoU (%)
✓ 55.8
✓ ✓ 56.0

✓ 61.2
✓ ✓ 62.5
✓ ✓ 67.8
✓ ✓ ✓ 68.7

result after filtering out dynamic points with our method,
where ghosting is eliminated and map quality is significantly
improved. The experiment indicates that our proposed MOS
method can significantly improve the quality of point cloud
maps, providing assistance for downstream tasks.

VI. CONCLUSION

In this paper, we attempt to address the challenges the
MOS task faces. To enhance the evaluation capability of the
dataset for MOS methods, we introduce the nuScenes for
MOS dataset with diverse scenes and moving objects. We
propose MOSFormer, a new MOS network that mitigates
boundary blurring in projection-based methods through a
dual-branch structure and Semantic-guided Label Voting.
Utilizing the 3D MSA module, our network achieves state-
of-the-art results on both KITTI MOS and nuScenes for MOS
datasets. Additionally, a qualitative mapping experiment val-
idates the value of our method for downstream tasks. Future
efforts will focus on improving real-time performance and
enhancing multi-modal fusion for practical application.
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