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Abstract

In this work, we address the problem of unsupervised
moving object segmentation (MOS) in 4D LiDAR data
recorded from a stationary sensor, where no ground truth
annotations are involved. Deep learning-based state-of-
the-art methods for LiDAR MOS strongly depend on anno-
tated ground truth data, which is expensive to obtain and
scarce in existence. To close this gap in the stationary set-
ting, we propose a novel 4D LiDAR representation based
on multivariate time series that relaxes the problem of un-
supervised MOS to a time series clustering problem. More
specifically, we propose modeling the change in occupancy
of a voxel by a multivariate occupancy time series (MOTS),
which captures spatio-temporal occupancy changes on the
voxel level and its surrounding neighborhood. To perform
unsupervised MOS, we train a neural network in a self-
supervised manner to encode MOTS into voxel-level feature
representations, which can be partitioned by a clustering al-
gorithm into moving or stationary. Experiments on station-
ary scenes from the Raw KITTI dataset show that our fully
unsupervised approach achieves performance that is com-
parable to that of supervised state-of-the-art approaches.

1. Introduction

Understanding an urban environment in terms of its
moving or static entities is a crucial aspect for scene under-
standing (e.g., [1]), autonomous driving agents (e.g., [29,
30]), consistent maping (e.g., [7]), pedestrian safety and in-
telligent transportation systems in smart cities (e.g., [27,
20]). In particular, LiDAR moving object segmentation
(MOS) is a task to classify the points of a scene into be-
ing dynamic or static.

The research on end-to-end approaches for LiDAR ob-
ject detection, semantic segmentation, instance segmenta-
tion, and panoptic segmentation has matured over the past
years [19] and large-scale autonomous driving datasets like
SemanticKITTI [16, 3], NuScenes [5, 35], or Waymo [33,

14] have been the essential ingredient for developing state-
of-the-art approaches. Unfortunately, annotated data for
LiDAR MOS is scarce [8]. Recently, an annotated MOS
benchmark dataset based on SemanticKITTI has been pro-
posed in [7], which fostered promising research about end-
to-end approaches for MOS in the autonomous driving set-
ting (e.g., [26, 24, 18]). However, the lack of annotated
datasets limits the practical application of supervised end-
to-end MOS deep learning models to scenarios where data
has not been recorded with the same sensor setup [8].

A potential solution to the described issue is unsuper-
vised methods because they do not depend on annotated
data and generalize better to arbitrary data distributions [4,
37]. For instance, self-supervised scene flow methods can
be used for unsupervised MOS, but their performance is in-
ferior to state-of-the-art supervised methods [24].

In contrast to previous work, we propose a fully un-
supervised 4D LiDAR MOS approach that generalizes to
data recorded from arbitrary stationary LiDAR sensors, and
achieves results that are comparable to that of supervised
state-of-the-art approaches. Previous work has shown that
movement appears with occupancy change patterns in occu-
pancy time series [13]. On this basis, it can be hypothesized
that multivariate occupancy time series (MOTS) are an ef-
fective data modality to identify motion in spatio-temporal
neighborhoods of point cloud videos. In our paper, we an-
swer the following hypothesis: Multivariate time series are
an effective data-modality for unsupervised MOS in station-
ary LiDAR point cloud videos.

We propose MOTS as a novel 4D LiDAR representation
that allows using self-supervised representation learning to
distinguish between moving and static parts in a station-
ary LiDAR scene. More specifically, a voxel is represented
by a MOTS that effectively models spatio-temporal occu-
pancy changes of the voxel and its surrounding neighbor-
hood. Following recent advances in self-supervised learn-
ing for multivariate time series (e.g., [15, 34]), we first en-
code MOTS in short time windows with a neural network
to a spatio-temporal voxel embedding. Afterward, we clus-
ter the resulting embeddings of each voxel for unsupervised
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MOS. Therefore, our approach relaxes MOS to a multivari-
ate time series clustering problem.

We show the effectiveness of MOTS for unsupervised
MOS by quantitative evaluations on publicly available sta-
tionary data from the Raw KITTI dataset [16] and a qualita-
tive evaluation on stationary data we recorded with a Velo-
dyne VLP-16 sensor. Our main contributions are:

• A novel representation of 4D point clouds for represen-
tation learning of spatio-temporal occupancy changes
in a local neighborhood of stationary LiDAR point
cloud videos, which we call MOTS

• An unsupervised MOS approach for stationary 4D Li-
DAR point cloud videos based on MOTS

2. Related Work
The majority of closely related work on moving object

segmentation (MOS) can be categorized into dynamic oc-
cupancy grid mapping (e.g., [28, 31]), scene flow (e.g.,
[22, 2]), and moving object segmentation methods (e.g.,
[7, 24]).

2.1. Dynamic Occupancy Grid Mapping

Occupancy grid mapping estimates probabilities for the
occupancy of grid cells. Furthermore, dynamic occupancy
grid mapping (DOGMA) aims to learn a state vector for
each grid cell that consists of occupancy probability and ve-
locity [28]. An effective dynamic occupancy grid mapping
based on finite random sets has been proposed in [28].

Using the result in [28] as a basis, various deep learning-
based methods that learn DOGMAs have been proposed.
For instance, the work in [13] uses the DOGMA from [28]
as an input to a neural network that learns to predict bound-
ing boxes for moving objects. The work in [30] learns
DOGMAs to estimate motion of objects in the scene with
a neural network in a stationary setting. They use the
DOGMA obtained from the approach in [28] as a basis to
train their model end-to-end, and their work was extended
in [31] to the non-stationary setting.

In spite of their success, the described methods depend
on a DOGMA to find moving objects, and they are limited
to 2D birds-eye view (BEV) maps. Today, in other related
tasks such as semantic segmentation, projection based deep
learning methods are getting outperformed by methods that
operate directly in the 3D or 4D domain [38]. In contrast,
our method is designed for raw 4D point clouds and does
not depend on occupancy grid mapping methods.

2.2. Scene Flow

Scene flow methods learn a displacement vector for any
point in frame t to frame t+1. Hence, a scene flow method
can be extended to a MOS approach. For instance, cluster-
ing point positions together with their corresponding scene

flow vectors have been used in [22] to obtain an unsuper-
vised motion segmentation. Furthermore, the work in [2]
showed that scene flow based on a self-supervised method
can learn to segment motion as a byproduct. However, the
downside of scene flow methods is that (a) there is no clear
correspondence between points across frames in noisy point
clouds and (b) only using two frames might not contain
enough information for all moving points in the scene, par-
ticularly when dealing with slow moving objects, as out-
lined in [24]. These limitations can explain the inferior
results for scene flow-based MOS on the SemanticKITTI
MOS benchmark [7, 24]. In comparison, our approach can
learn motion from a larger temporal context by including
more than two frames. Furthermore, a trivial correspon-
dence between voxels across all frames exists in our ap-
proach because it is designed on the voxel level.

2.3. Motion/Moving Object Segmentation

Recently, a benchmark and a supervised model (LMNet)
based on range images for MOS has been proposed in [7].
The authors extended their work with an automatic labeling
approach that is based on a map cleaning method in [8],
which makes it more robust to unseen environments and
improves the performance. The work in [26] proposed a
method based on BEV which is faster than LMNet but with
inferior segmentation performance.

A method for 4D MOS has been proposed recently
in [24], where predictions are made from a 4D volume of
the point cloud video. Further, a Bayesian filter taking pre-
vious predictions into account is proposed to filter out noise.
The model in [24] makes use of sparse convolutions [10],
which achieve better performance than projecting the point
cloud to a two-dimensional range image representation.

Fusing semantic predictions with moving object predic-
tions has been shown to increase the performance in [7].
Using semantic features for MOS has been used specifically
in [18]. In this case, the semantic features are learned indi-
vidually on each frame and the moving object segmentation
mask is learned afterward jointly from sequences of the re-
sulting semantic features and range images.

All the aforementioned approaches show a promising
performance, but they rely on annotations to train their ap-
proach. In comparison, we are the first to propose an unsu-
pervised approach for MOS in the stationary setting which
does not depend on occupancy grid mapping, map cleaning
or scene flow methods. At the same time, our approach is
based on multiple frames.

2.4. Unsupervised Segmentation of Time Series

Recent advances in self-supervised multivariate time se-
ries representation learning (e.g., [15, 23, 34]) have shown
that different states of a system (measured by a multivari-
ate time series) can be learned for each time step in a self-
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Figure 1: Overview of the proposed approach

supervised manner. The learned representations at each
time step can then be clustered to obtain an unsupervised
segmentation of the time series.

To the best of our knowledge, our work is the first to
adapt this idea to the point cloud domain. We consider oc-
cupancy states at each point in time of a voxel as discrete
time series measurements and exploit the dependency be-
tween occupancy changes in the spatio-temporal neighbor-
hood of a voxel for unsupervised MOS.

3. Approach
3.1. Problem setup

Given a point cloud video recorded from a stationary Li-
DAR sensor, our goal is to produce an unsupervised seg-
mentation of the scene into moving and stationary points
without having to rely on annotated data. More specifically,
the goal is to perform unsupervised moving object segmen-
tation (MOS) solely on raw, stationary LiDAR point cloud
videos. This problem is of practical use in smart cities
where LiDAR sensors can be mounted on, for instance,
street lamps that cover a large area of the city [27] and mov-
ing objects have to be identified. Another crucial use case is
identifying moving objects in the traffic around a stationary
autonomous vehicle that waits to drive onto a busy road.

3.2. Overview

We propose a novel representation of point cloud videos
in order to learn spatio-temporal representations of single
voxel cells. The proposed representation relaxes unsuper-
vised MOS to a multivariate time series clustering problem.

Figure 1 summarizes our method. At frame t, we com-
pute occupancy time series (OTS) of length w for all voxel
cells in the frame. Given a spatial radius r, we construct
multivariate occupancy time series (MOTS) from the OTS
of a voxel and all OTS in its surrounding neighborhood.
Each channel of MOTS effectively captures the occupancy
change in local spatio-temporal neighborhoods of the scene.

We assume that movement appears similarly across MOTS
from different voxels and clustering MOTS separates mov-
ing voxels from stationary voxels. Hence, with MOTS the
MOS problem is relaxed to a multivariate time series clus-
tering problem.

Given a MOTS point cloud video representation at any
frame t, a neural network encodes all MOTS in frame t to
a feature representation that can distinguish moving from
stationary voxel states. This kind of representation learns
and encodes spatio-temporal occupancy changes such that
a clustering algorithm can perform unsupervised MOS.

3.3. Multivariate Occupancy Time Series

Our approach is designed for voxelized point
cloud videos. A voxelgrid is a set of voxels
V ⊆ Rw/m×h/m×d/m, with a grid resolution of m,
height h, width w, and depth d. An ordered sequence of 3D
voxelgrids V S ∈ (V1, ..., VN ) can be considered a video,
with N being the number of frames. A voxel v ∈ V can
have one of two states: occupied or free. The state of a
voxel at time t is modelled by a function S : V × N −→ B,
with the interpretation that 0 = free and 1 = occupied.
Assuming data recorded from a stationary LiDAR, there is
a bidirectional mapping from any voxel v ∈ Vk to a voxel
v′ ∈ Vl, k ̸= l, such that v == v′. As a result, at any point
in time t, for any voxel vi, we can define its occupancy
time series OTSi,t ∈ Bw as

OTSi,t = [S(vi, t−(w−1)), ..., S(vi, t−1), S(vi, t)] (1)

with w being the time series length, and S(vi, ·) measuring
the occupancy of vi at each point in time.

We define MOTS as a multivariate collection of OTS,
where we consider the OTS of voxels vj in a spatial neigh-
borhood around vi as additional channels. Given a spa-
tial radius of r around vi with a voxel grid resolution
of m units in an arbitrary euclidean space, we define a
set R = {−r,−r +m, ..., 0, ..., r −m, r} that includes all
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possible discrete distances within radius r around 0 as the
center. We then compute a neighborhood distance matrix
Nr = R × R × R with a 3-fold Cartesian product over R
by considering each element in Nr as a row. Nr holds the
distances to all reachable voxels within radius r considering
an arbitrary voxel vi as the center. An element-wise addi-
tion of each row in Nr with vi computes the neighborhood

N (vi, r) = Nr + vi (2)

with Nr + vi being the shorthand notation of adding vi
to each row of Nr ([17]).

Given the neighborhood N (vi, r) of vi with ra-
dius r, we define a multivariate occupancy time series
MOTSi,t ∈ B|N(vi,r)|×w of vi as

MOTSi,t = {OTSj,t | vj ∈ N (vi, r)} (3)

where the channels of MOTSi,t are composed by the OTS
of each vj ∈ N (vi, r).

MOTS for Non-Stationary LiDAR. While the focus of
our work is on the stationary case, MOTS can also be com-
puted in the non-stationary case. For a non-stationary Li-
DAR, we assume to have the pose information given by,
e.g., a SLAM approach [16]. Given the poses, we transform
each frame to the pose of the first frame to again obtain a
bidirectional mapping from any voxel v ∈ Vk to v′ ∈ Vl,
k ̸= l, such that v == v′. The latter property allows com-
puting MOTS for each voxel in a non-stationary setting.

3.4. Efficiently Transforming 4D Point Clouds into
MOTS

A dense MOTS representation of 4D point clouds is in-
efficient because most of the space in all frames is empty.
Hence, following related work (e.g., [10]) we adopt a sparse
tensor representation and only store/compute MOTS of vox-
els that are occupied. We can represent each frame Vt with
0 < t ≤ N of a 4D point cloud as a sparse tensor, which
we consider a pair (Vt

sparse, F t
sparse) consisting of a set of

voxels Vt
sparse that we define as

Vt
sparse = {(vi, t) | S(vi, t) = 1 ∧ vi ∈ Vt} (4)

and its corresponding set of MOTS features F t
sparse that

we define as

F t
sparse = {MOTSi,t | S(vi, t) = 1 ∧ vi ∈ Vt} (5)

In practice, we make use of vectorized operations and
a performant parallel hashmap Python implementation1 to
efficiently compute the MOTS features for each voxel.

1https://github.com/atom-moyer/getpy

Figure 2: Architecture of our 1D CNN Autoencoder

3.5. Unsupervised Moving Object Segmentation
with MOTS

We relax unsupervised MOS with MOTS to a time se-
ries clustering problem. Due to the enormous amount of
available training data and high dimensionality of the time
series, we leverage deep learning to learn the underlying
structure of the data and use an autoencoder (AE) as a fea-
ture extractor. More specifically, we use an AE based on 1D
convolutions to learn feature representations of MOTS.

The AE consists of an encoder and a decoder part. The
encoder f : Rd 7→ Re maps a d-dimensional input data
point x ∈ Rd to an e-dimensional (latent) code represen-
tation z ∈ Re. The decoder is a function f : Re 7→ Rd

that maps the e-dimensional code vector z back to a d-
dimensional output x̂, with the goal to be as similar as pos-
sible to the input x, i.e., g(f(x)) = x̂ ≈ x with f(x) = z
and g(z) = x̂. To this end, the AE is trained using the
well-known mean squared error (MSE) loss function

L = MSE(x, x̂) (6)

in order to minimize the reconstruction error.

Unsupervised MOS. For each frame in V S, we encode
the MOTS of all occupied voxels with the encoder f . After-
ward, a clustering model partitions the voxel embeddings
into a moving or stationary state. In this work, we per-
form unsupervised MOS by clustering the voxel embed-
dings with a gaussian mixture model (GMM). We empiri-
cally found the GMM to significantly perform better than,
e.g., k-means.

3.6. Architecture

We depict the architecture of the AE we use in this work
in Figure 2. The encoder is composed of three 1D convolu-
tional layers, each having a kernel size of three. Afterward,
we use two fully connected (FC) dense layers to project the
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output of the last convolutional layer to the e-dimensional
code vector. The decoder consists of the reversed FC dense
layers and three 1D transposed convolutions to reconstruct
the input from the code vector. After each layer, we use the
ReLU activation function as the non-linearity. We use this
straightforward baseline model to highlight the effective-
ness of MOTS in distinguishing local occupancy changes.

4. Evaluation

In this section, we first describe our experimental setup
and design. Afterward, we quantitatively evaluate our ap-
proach against supervised state-of-the-art approaches for
MOS on stationary scenes from the KITTI dataset. In addi-
tion, we investigate the influence of hyperparameters on the
overall performance of our approach. Finally, we perform a
qualitative evaluation with Velodyne VLP-16 LiDAR data.
Our source code and data is publicly available on github
github.com/thkreutz/umosmots.

4.1. Dataset and Metric

Raw KITTI [16]. To the best of our knowledge, a large-
scale dataset with point-wise moving object annotations for
stationary LiDAR sensors is not publicly available. The Se-
manticKITTI MOS dataset [3, 7] includes annotations for
moving objects. However, there are not enough stationary
frames in the validation sequence (see Supplementary Sec-
tion 1) for a strong evaluation, and the annotations for the
test sequences are not publicly available.

For a meaningful evaluation against the state-of-the-art
in a stationary setting, we manually annotated sequences
from the Raw KITTI dataset [16]. The data in Raw KITTI
has been recorded with a 64-beam Velodyne HDL-64E Li-
DAR sensor at a 10Hz framerate. We manually annotated
three stationary scenes from the “Campus” and “City” cat-
egories summarized in Table 2. These three scenes have in
total 378 frames for evaluation.

For a fair comparison against the state-of-the-art, our
AE model is trained only on the training sequences
{i | 0 ≤ i < 11} \ {8} of the SemanticKITTI dataset. One
MOTS per voxel is one training example, which leads to an
enormous amount of training data. For this reason, we de-
cided to train only on the first 200 frames of each sequence.

Velodyne VLP-16. For a qualitative evaluation on a dif-
ferent sensor, we recorded eight stationary LiDAR scenes
with a 16-beam Velodyne VLP-16 LiDAR around the Cam-
pus of the TU Darmstadt. The data was collected at a fram-
erate of 20Hz, which is twice the framerate of Raw KITTI.

Metric. We quantify the performance of our approach
against the state-of-the-art by following related work [7]

and use the intersection-over-union (IoU) metric. To evalu-
ate the performance over all frames, we compute the mean
of the IoU from each frame, which is known as the mean-
intersection-over-union (mIoU).

4.2. Implementation Details

We train our AE models with the Adam optimizer,
batch size = 1024 , learning rate = 1e− 4, and embed-

ding dimension e ∈ {16, 32} for two epochs, which takes
around 8–24 hours on an RTX A4000 16GB GPU. We eval-
uate different window sizes w ∈ {8, 10, 15, 20}, where 8
is the best setting found in [7] and 10 in [25]. We fur-
ther evaluate the neighborhood radius settings r = {1, 2}
for MOTS, which lead to possible MOTS of dimensions
{27, 125} × {8, 10, 15, 20}.

Regarding clustering, the number of clusters for the
GMM is evaluated between k = {10, 15, 20}. We train one
GMM per scene on 200, 000 uniformly sampled embed-
dings from the first ten frames of each scene to speed up the
training. The final predictions are obtained by computing
the IoU for each cluster to the ground truth “moving” class
on the first frame of the respective sequence. We empiri-
cally find that our approach usually predicts moving voxels
across 1 and 3 clusters, each having a ground truth overlap
of at least 0.15. Therefore, we automatically map all clus-
ters with an IoU overlap of at least 0.15 to the class “mov-
ing”. In practice, this overlap can be found with minimal
effort by a domain expert, or a small scene can be anno-
tated.

4.3. Experimental Design

We evaluate our approach against the state-of-the-art in
a stationary setting of the Raw KITTI dataset. In partic-
ular, we evaluate against the two best recent supervised
state-of-the-art methods for LiDAR MOS2: LMNet [7] and
4DMOS [24]. Both approaches have been trained on Se-
manticKITTI data. For this reason, a comparison through
an experiment on the Raw KITTI data against the latter ap-
proaches can in fact be made because the sensor setup is
equivalent. We argue that a model trained on data from se-
quences of a mostly moving sensor (with ego-motion com-
pensation) should perform well on data recorded from a sta-
tionary vehicle. This situation occurs naturally while a ve-
hicle is stopping at a red light or is waiting to merge into
a busy road. To the best of our knowledge, a distinction
between a moving or stationary ego-vehicle is not made
in evaluations on large-scale autonomous driving datasets
(e.g., SemanticKITTI, NuScenes [5], Waymo [33], Argo-
verse [6]). For this reason, we believe the results of our
experiments are a valuable contribution to the community.

In the remainder of this evaluation, we follow related
work [22, 2] and remove the ground. However, because we

2At the time of writing this work (July 2022)
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mIoU(↑)

Setting Approach City 1 City 2 Campus 1 avg

Supervised LMNet [7] .281 .557 .787 .541
Supervised 4DMOS w/o BF [24] .639 .743 .940 .774
Supervised 4DMOS w/ BF p=0.25 [24] .567 .660 .944 .723
Supervised 4DMOS w/ BF p=0.5 [24] .630 .769 .946 .781

Unsupervised Ours r = 2, e = 32, k = 20, w = 15 .792 .840 .791 .808
Unsupervised Ours r = 2, e = 32, k = 20, w = 20 .806 .839 .792 .812

Table 1: Summary of the mIoU results on stationary KITTI scenes against the state-of-the-art

Name #Frames

2011 09 26 drive 0017 sync (City 1) 114
2011 09 26 drive 0060 sync (City 2) 78

2011 09 28 drive 0016 sync (Campus 1) 186

Total 378

Table 2: Overview of name, category, and number of frames
for each annotated scene

operate in a stationary setting, where the FOV and location
of the sensor do not change, we remove the ground by sim-
ply thresholding the z-axis to −1. We furthermore evaluate
our approach against the state-of-the-art on the voxel level.
To this end, all point-wise predictions by LMNet [7] and
4DMOS [24] are mapped to its respective voxel.

4.4. Results on Raw KITTI

We compare the two best-performing configurations of
our approach against state-of-the-art MOS approaches on
our three annotated scenes from the Raw KITTI dataset.
The results in Table 1 show that our unsupervised ap-
proach reaches comparable performance to the state-of-the-
art w.r.t. mIoU . On average over all scenes, we achieve
better performance with 0.812 compared to 0.781 of the
state-of-the-art method 4DMOS.

4DMOS considerably outperforms our approach on the
“Campus 1” scene. As shown in Figure 3, our approach
makes wrong segmentation predictions on the ground, some
occluded parts while an object passes by, and not the en-
tire vehicle is covered. 4DMOS achieves an almost perfect
overlap with the ground truth. At the same time, LMNet
misses out on some pedestrians. In contrast, our approach
accurately segments the pedestrians.

Our unsupervised approach outperforms the supervised
approaches on the “City 1” and “City 2” scenes. Based on
the visualization in Figure 4, we now pose possible expla-
nations for the lower performance of LMNet and 4DMOS.
Especially for LMNet, the drop in performance is due to

Approach Configuration k ∈ {10, 15, 20} mIoU(↑)
r = 1, e = 16, w = 15 .756± .025
r = 1, e = 16, w = 20 .757± .066
r = 2, e = 32, w = 15 .759± .055
r = 1, e = 32, w = 20 .774± .052
r = 2, e = 32, w = 20 .800± .043

Table 3: Top five average mIoU results over all clusters and
scenes

(a) wrongly segmenting vehicles that are standing still next
to the ego-vehicle and (b) missing some pedestrians that
are far away. We hypothesize that LMNet encounters an
out-of-distribution scenario. Stopping at a red light with
cars around the ego-vehicle may not appear often enough
in the training data. However, the training data includes
various highway/secondary road scenes with cars close to
the ego-vehicle that keep the same distance by driving at
a similar speed. In such scenarios, cars close to the ego-
vehicle also move, and LMNet can segment them as mov-
ing objects. When the ego-vehicle is stationary, the model
seems to not generalize well. Therefore, our experiment in-
dicates biased training data w.r.t. non-stationary scenes in
SemanticKITTI, which may cause the performance to drop
for LMNet in this stationary setting. In contrast, 4DMOS
shows excellent generalization capability to the stationary
setting, but it misses a moving vehicle in the upper part of
the scene, which our approach segments correctly.

4.5. Influence of Hyperparameters

In this section, we evaluate the influence of hyperparam-
eters e, r, k, and w on the performance of our approach. We
conducted an experiment with different configurations. The
results are summarized in Figure 6 and Table 3.

In Figure 6, the respective x-axis of each subplot varies
different settings for (a) the number of clusters k, (b) the
size of radius r, (c) the embedding dimension e, and (d) the
window size w. The y-axis shows the averaged mIoU per-
formance of different configurations over the three scenes
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Ground Truth LMNet 4DMOS Ours

Figure 3: Qualitative comparison to the ground truth and state-of-the-art approaches on the Campus 1 scene

Ground Truth LMNet 4DMOS Ours

Figure 4: Qualitative comparison to the ground truth and state-of-the-art approaches on the City 1 scene

in dependency to the varied parameter on the x-axis. We
present the results using a boxplot to visualize the standard
deviation across different configurations, which serves as
an uncertainty measure. Table 3 summarizes the five best
configurations w.r.t. r, e, and w across different cluster
numbers and all scenes. We computed the mean over the
respective mIoU results.

Impact of number of clusters. Figure 6 shows how
the number of clusters influences the performance of our
approach. Our approach reaches good performance more
consistently with 15 and 20 clusters across different pa-
rameter configurations. We attribute this result to differ-
ent patterns of the stationary or moving parts (e.g., corners,
walls, ground, pillars, trees) in the scene that are captured
by MOTS. Hence, more clusters are needed to correctly par-
tition the latent space.

Impact of radius. Regarding the radius r, Figure 6
shows that on average a higher radius yields a better mIoU .
A higher radius implies a larger receptive field, which bene-
fits the encoder to distinguish between moving and station-
ary patterns in MOTS. More specifically, the averaged re-
sults over all clusters and scenes in Table 3 show that our
approach reaches best performance with a radius of r = 2.

Impact of embedding dimension. The best perfor-
mance across all cluster configurations is achieved with
e = 32 as shown in Table 3. In fact, the three best configura-
tions all used e = 32, which suggests that a higher embed-
ding dimension achieves the best performance. However,
we cannot conclude from our study in Figure 6 that embed-

ding dimension e = 32 consistently outperforms e = 16.
Impact of window size. The top five results in Table 3

show that larger window sizes from w = 15 to w = 20 per-
form the best overall. In Figure 6, we can observe that both
w = 15 and w = 20 have considerably better performance
across all scenes. Our experiments show that context con-
cerning the 15–20 past frames is the most effective configu-
ration for stationary scenes. Twenty past frames correspond
to two seconds temporal context at a 10Hz framerate.

4.6. Qualitative Results with a Velodyne VLP-16

We trained one model with the best parameter configu-
ration (r = 2, e = 32) on the first 200 frames of seven sta-
tionary scenes for 5 epochs. Furthermore, we use k = 20
clusters when training the GMM. Because the VLP-16 data
was recorded at 20Hz, we used a window size of w = 40
to match the best performing temporal history of 2 sec-
onds. This shows that our approach can even scale to tem-
poral histories greater than 20 frames. In contrast, other
approaches (e.g., 4DMOS) may not be able to handle such
a long history due to the enormous memory consumption.

The qualitative results on a leave-out test scene in Fig-
ure 5 show that our approach can be applied to different
LiDAR sensor setups (e.g., VLP-16, HDL-64E) that even
have different temporal resolutions (e.g., 10Hz, 20Hz). We
can see that our approach accurately segments movement of
different pedestrians and a cyclist. Wrong predictions are
obtained for tree leaves due to noisy sensor measurements
that probably appear similar to movement in MOTS.
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Frame t Frame t+10 Frame t+20

pedestrians
bicycle

Figure 5: Qualitative results on data recorded from a Velodyne VLP-16 LiDAR
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Figure 6: Ablation study regarding number of clusters k, radius r, embedding dimension e, and window size w

5. Discussion and Future Work
Our experimental evaluation shows the potential of our

approach to segment moving objects in stationary LiDAR
point cloud videos without any supervision. The pro-
posed approach for stationary LiDAR sensors can outper-
form state-of-the-art supervised models as shown in Ta-
ble 1. However, we want to emphasize that our model has
limitations in a non-stationary setting. In particular, points
entering the scene or previously occluded parts that become
visible appear exactly the same in MOTS when compared to
a moving object. Extending the approach for non-stationary
LiDAR data is left for future work.

Furthermore, our approach is limited by a small recep-
tive field. For instance, recent works on Vision Transform-
ers show that global context is essential for learning good
feature representations [12, 36, 9]. Increasing the MOTS
receptive field by a small amount implies a quadratic scal-
ing of MOTS channels, which quickly scales to thousands
of channels. The latter results in strong performance limi-
tations w.r.t. time and memory, because one MOTS is com-
puted for each unique voxel in the scene for each frame. For
this reason, future work on our approach includes finding an
efficient method for scaling the receptive field.

6. Negative Sociental Impact
Smart cities of the future will have an infrastructure to

collect enormous amounts of data from heterogeneous data
sensors such as LiDAR, surveillance cameras, or temper-
ature sensors. These sensors build the foundation for a
digital twin that can reason about all kinds of behavior in
the city [32]. This information will help to enhance the

lives of citizens and have a substantial impact on intelli-
gent transportation systems [20] in the future. However,
using surveillance cameras as a data source for digital twins
raises strong privacy concerns. For instance, cameras cap-
ture color information of the natural scene, allowing per-
son re-identification [11]. In the wrong hands, this informa-
tion encourages tracking a specific target, potentially lead-
ing to blackmail, which results in a strong negative socien-
tal impact. For this reason, we want to raise awareness on
using LiDAR as a more anonymity-preserving technology
for surveillance. That is because LiDAR does not record
facial characteristics or further details like hair and skin
color [21]. In a stationary setting, LiDAR sensors can de-
tect all kinds of objects and reason about their behavior and
may replace the need for RGB cameras in public places.

7. Conclusion

This work addresses unsupervised moving object seg-
mentation (MOS) in stationary LiDAR point cloud videos.
Our approach effectively learns voxel embeddings from oc-
cupancy changes in a spatio-temporal neighborhood. We
propose to model the occupancy changes in the neighbor-
hood of a voxel by a multivariate occupancy time series
(MOTS), which in turn allows learning voxel embeddings
that encode motion information. As a consequence, our
MOTS voxel representation relaxes unsupervised MOS to
a multivariate time series clustering problem. We evalu-
ate our method quantitatively on stationary scenes from the
Raw KITTI dataset and qualitatively on stationary VLP-16
data. We achieve comparable performance to state-of-the-
art supervised MOS approaches in the stationary setting.
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