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Abstract— A main bottleneck of learning-based robotic scene
understanding methods is the heavy reliance on extensive
annotated training data, which often limits their generalization
ability. In LiDAR panoptic segmentation, this challenge becomes
even more pronounced due to the need to simultaneously
address both semantic and instance segmentation from complex,
high-dimensional point cloud data. In this work, we address
the challenge of LiDAR panoptic segmentation with very few
labeled samples by leveraging recent advances in label-efficient
vision panoptic segmentation. To this end, we propose a novel
method, Limited-Label LiDAR Panoptic Segmentation (L>PS),
which requires only a minimal amount of labeled data. Our
approach first utilizes a label-efficient 2D network to generate
panoptic pseudo-labels from a small set of annotated images,
which are subsequently projected onto point clouds. We then
introduce a novel 3D refinement module that capitalizes on the
geometric properties of point clouds. By incorporating clustering
techniques, sequential scan accumulation, and ground point
separation, this module significantly enhances the accuracy of
the pseudo-labels, improving segmentation quality by up to
+10.6 PQ and +7.9 mIoU. We demonstrate that these refined
pseudo-labels can be used to effectively train off-the-shelf LiDAR
segmentation networks. Through extensive experiments, we
show that L3PS not only outperforms existing methods but also
substantially reduces the annotation burden. We release the code
of our work at https://13ps.cs.uni-freiburg.de.

I. INTRODUCTION

LiDAR panoptic segmentation [1] enables robots to per-
ceive and interpret their 3D environment by segmenting both
instance and semantic information. However, most existing
approaches [2]-[4] rely on large, often human-annotated,
training datasets. Obtaining such data is both time-consuming
and labor-intensive due to the inherent complexity of 3D
data and the requirement for point-wise annotation precision.
While learning-based tasks in other domains [5]-[7] have
greatly benefited from the vast availability of annotated
datasets, the 3D domain still suffers from a lack of comparable
amount of training data. Moreover, generalization in the 3D
space is considerably more challenging than in the 2D visual
domain due to more multifaceted domain gaps, including
semantic and structural variations. Consequently, developing
a foundation model for 3D representations remains an open
quest [8], highlighting the importance of label efficiency in
robotic 3D perception.

To address the challenges associated with LiDAR panoptic
segmentation, some studies [9] have explored unsupervised
domain adaptation, aiming to transfer knowledge from a la-
beled source domain to an unlabeled target domain. However,
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Fig. 1.  Most learning-based methods for LiDAR panoptic segmentation
require a large amount of annotated point clouds for training. Generating
this data is both expensive and time-consuming. We present a more efficient
alternative that reduces the annotation effort from n point clouds to k£ images,
which a human annotator can process within a single day. Our proposed
L3PS approach combines recent advances from label-efficient visual panoptic
segmentation with spatial information from the LiDAR scans to generate
high-quality 3D panoptic pseudo-labels. We demonstrate the utility of these
labels to train off-the-shelf LiDAR segmentation networks.

unlike in the image domain, where adaptation techniques [10],
[11] have achieved significant success, their application in
the 3D space is considerably more complex. Consequently,
most existing approaches rely on fully annotated point
cloud datasets or focus on specific sub-tasks within panoptic
segmentation. In contrast, recent vision-based methods have
demonstrated the potential of label-efficient techniques, such
as self-supervised learning [5], [12], [13] and pretraining on
large-scale datasets [14], [15]. These approaches substantially
reduce the annotation burden while maintaining competitive
performance relative to their fully supervised counterparts.
In this work, we propose a novel method, called Limited-
Label LiDAR Panoptic Segmentation (L>PS) that addresses
label efficiency in terms of annotation costs. We argue that
generating panoptic annotations for 2D images is substantially
less expensive than for 3D point clouds. Therefore, our L*PS
approach leverages recent 2D label reduction techniques [15]
to generate large-scale 2D pseudo-labels from a minimal set
of images. This is followed by a multi-step enhancement
process that produces panoptic point cloud annotations. We
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demonstrate that the quality of these point cloud annota-
tions is sufficient to effectively train off-the-shelf LiDAR
segmentation networks.

The main contribution of this paper is the proposed
L3PS approach that addresses the challenge of label-efficient
LiDAR panoptic segmentation. We illustrate the key idea in
Fig. 1. In this paper, we make three claims: (1) Our method
substantially reduces the reliance on expensive panoptic
point cloud annotations by leveraging visual foundation
models for image-informed point pseudo-labels. (2) Our
proposed post-processing module enhances the pseudo-label
quality by exploiting the geometric properties of point clouds.
(3) Overall, L3PS achieves competitive performance compared
to existing baselines while requiring less annotation effort.
We validate these claims through extensive experiments on
the panoptic nuScenes dataset [16] and comprehensively
analyze architectural design choices, demonstrating their
impact on panoptic segmentation quality. Our results show
our method’s effectiveness in advancing LiDAR panoptic
segmentation with minimal annotation effort. To facilitate
reproducibility and future research, we open-source L3PS on
https://13ps.cs.uni-freiburg.de.

II. RELATED WORK

In this section, we present an overview of LiDAR panoptic
segmentation and label-efficient segmentation of point clouds.

LiDAR Panoptic Segmentation: LiDAR panoptic segmen-
tation [1] aims to classify each point in a LiDAR point
cloud into its corresponding semantic category (e.g., car,
pedestrian, road) while simultaneously grouping points that
belong to the same object instance (e.g., different cars). This
is particularly challenging due to occlusions, varying object
sizes, and the inherent sparsity of LiDAR data. To address
these challenges, initial approaches [1], [2] process LiDAR
data using range images and employ a network design inspired
by image-based architectures. An alternative is to process
LiDAR data directly on the raw point cloud. Methods such
as PointPillars [17] generate pseudo-images from vertically
organized point clouds, whereas VoxelNet [18] applies 3D
convolutions to voxelized point clouds. Cylinder3D [19]
extends this idea by voxelizing the point cloud, transforming it
into a cylindrical coordinate system, partitioning the space into
non-uniform grids, and applying asymmetrical convolutions.

In contrast, Panoster [20] operates directly on raw point
clouds, introducing the first end-to-end LiDAR panoptic
segmentation network by predicting instance IDs for each
point. Panoptic-PolarNet [3] improves on this method by
introducing a novel encoder that transforms the input point
cloud into a polar bird’s-eye-view frame while remaining
fully end-to-end trainable. Furthermore, Panoptic-PHNet [21]
merges bird’s-eye-view transformation with the common
voxel encoding to improve the precision. One of the recent
approaches, MostLPS [22] follows a segmentation-centric
fashion with a detection-centric design, leveraging trajectory-
level supervision to infer object size and associating LiDAR
points for fine-grained instance segmentation. On the other
hand, P3Former [4] processes a voxelized point cloud using

Cylinder3D [19] for feature encoding and incorporates
learnable queries that are processed along with backbone
features in a multi-layer segmentation head. A drawback of
these traditional methods is their reliance on a large set
of annotated data. Hence, in this work, we demonstrate
successful training using the label-efficient pseudo-labels
generated by our approach.

Label-Efficient Point Cloud Segmentation: Manual labeling for
LiDAR segmentation is time-consuming and expensive [23],
limiting the practicality of traditional approaches. To over-
come this challenge, label-efficient methods aim to match the
performance of fully supervised methods while significantly
reducing the need for annotated data. Existing methods can
generally be categorized into self-supervised approaches [24]—
[27], which do not require human annotations during train-
ing, and weakly supervised approaches [28], [29]. These
approaches rely on a reduced amount of labeled data, either
in quantity (e.g., 10 labels vs. 1000), as proposed in our
work, or the form of supervision (e.g., single points versus
entire point clouds). Initial self-supervised approaches [24],
[25] employ contrastive learning-based pretraining to extract
point discriminators for clustering and use only a small
fraction of the training data for segmentation. Other methods
leverage clusters of spatially proximate, semantically similar
points (“superpoints”). In GrowSP [26], superpoints are
formed by progressively expanding per-point neighborhoods
to promote intra-cluster feature similarity and inter-cluster dis-
tinctiveness, whereas U3DS3 [27] generates superpoints based
on geometric structure, such as surface normals. Although
these techniques do not require any training annotations, an
alternative is to reduce the labeling effort by using a single
point annotation per instance [28] or by predicting point
uncertainties [29] to select points for manual labeling.

Recently, image-based foundation models such as
DINOV2 [5], SAM [30], and CLIP [31] have been widely
adopted to project their features or segmentation masks onto
point clouds. The use of these vision foundation models in
label-efficient point cloud segmentation can be categorized
into knowledge distillation from 2D to 3D [32]-[36] and
direct application via projection and label generation [37],
[38]. These models primarily extract image features using
a vision foundation model, e.g., SL, with SLidR [32]
projecting image superpixels into 3D and learning through a
superpixel-driven contrastive distillation loss. Alternatively,
PointDC [33] distills features from multiple scene views,
while ST-SLidR [34] integrates both superpixel and superpoint
features, employing a semantically tolerant contrastive loss be-
tween matching superpoint-pixel pairs. Moreover, ScalL.R [35]
pretrains a single backbone on a mixture of datasets prior
to distillation, introducing a significant performance boost.
Lastly, SEAL [36] employs a contrastive approach across
modalities and time by generating superpixels from multiple
diverse visual foundation models, which are projected to 3D
to form superpoints. These are encoded separately in 2D and
3D encoders, while spatially contrasting camera and LiDAR
data and temporally contrasting LiDAR point clouds.
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Fig. 2.

Overview of our proposed L3PS approach for label-efficient LIDAR panoptic segmentation. First, we train a label-efficient image-based panoptic

segmentation model using a minimal number of human-annotated images. Second, we utilize the trained model to generate pseudo-labels for surround-view
image data, which are then projected onto the corresponding LiDAR point clouds. Third, we employ our proposed 3D refinement module. Finally, we use
the refined point cloud pseudo-labels to train an off-the-shelf LiDAR segmentation model, which can then be deployed for real-time inference.

In contrast, unlike other methods that distill knowledge
from 2D foundation models to 3D backbones, REAL [37]
iteratively refines segmentation masks by projecting weakly
supervised 3D points into 2D, generating masks with
SAM [30], and back-projecting them into 3D. This is com-
bined with CLIP [31] in SAL [38] to further support zero-shot
segmentation of point clouds. The recent LeAP [39] approach
uses vision foundation models to generate zero-shot 2D
semantic labels. These labels are then transferred via a voxel-
fusion module and a confidence-based 3D encoder, followed
by neighborhood smoothing. Despite these advancements,
existing label-efficient methods exhibit one or more of the
following limitations: (1) they fail to achieve competitive
performance, (2) they rely on vision foundation models that
require human supervision, and (3) they depend heavily on
point cloud annotations. In this work, we address these
challenges by substituting resource-intensive point cloud
annotations with fewer, more cost-effective image annotations.

III. TECHNICAL APPROACH

In this section, we first define the problem addressed in
this work and provide an overview of our approach. We then
detail the individual steps and conclude by describing an
application scenario for our method.

A. Problem Definition

In this work, we consider the following scenario: Given
is a set of n point clouds P = {P,..., P, }, where each
point cloud is composed of 3D points p; € R3, and a set
of corresponding surround-view images Z = {I1,...,[,}.
Assume that for a small subset of the images 74 C Z,
panoptic annotations are available. The goal is to bootstrap
these annotations to generate panoptic point cloud pseudo-
labels for the entire set P. The core problem is that due
to |Z4| << m, transferring the annotations from the image
domain to the point clouds is not trivial. Furthermore, classical
methods that require a large amount of training data are not
applicable.

B. Overview

The core concept of our approach is to leverage vision
foundation models that produce high-quality labels from a
limited number of labeled samples, which are projected onto

point clouds and refined through a dedicated post-processing
module. An overview of the pipeline is shown in Fig. 2.
First, we train a label-efficient visual panoptic segmentation
model using only a minimal number of human-annotated
images, thereby reducing the annotation effort compared
to point cloud labeling. Second, we use this model to
generate pseudo-labels for surround-view image data, which
are subsequently projected onto the corresponding LiDAR
point clouds. Third, we employ our proposed 3D refinement
module, which accumulates individual LiDAR scans into a
consistent scene representation and performs various post-
processing steps by exploiting spatial information. Finally, we
use the refined point cloud pseudo-labels to train off-the-shelf
LiDAR segmentation models, enabling real-time inference.

C. Primal Label Generation

In the initial step, we use the annotations of Z4 to obtain
pseudo-labels for the unlabeled images in Z \ Z4. For this
task, we employ the recent label-efficient image panoptic
segmentation method PASTEL [15] that comprises two
lightweight heads for semantic segmentation and object
delineation on top of a frozen DINOv2 [5] backbone.
We predict pseudo-labels for the remaining images after
training PASTEL using images Z4 and ground truth
annotations. Finally, we project each point cloud P; onto the
corresponding surround-view image I; and annotate every
point with the 2D panoptic pseudo-label of the target pixel.
Formally, we apply the projection function II;(-) to a point
pi € Pj to obtain the 2D image coordinates p;:

pi = 11;(pi) ey

Assuming that p/, is on the image plane of I;, the semantic and
instance pseudo-labels ¢; € Y and 2; € Z of p; are defined as:

gi = class(p;) , @
2; = instance(p}), (3)

where class(-) denotes the 2D semantic annotation of a
pixel in I; and instance(-) is the corresponding instance ID.
Points that are not in the field-of-view of any surround-view
camera are assigned a special void label at this stage. Due
to the multi-step structure of our approach, we refer to the
initial projection-based pseudo-labels (¢, 2) as primal labels.
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separate the scene into a ground partition P

For 3D refinement, we employ the tollowmg steps: (1) We accumulate the individual scans { Py, P2, P3} in a single scene Ps. (2) Afterwards, we
and a non-ground partition P2V. (3) Next, we cluster the points in both partitions based on their 3D position.

Ideally, this should separate instances. (4) In each cluster, we perform majority voting on the semantic classes. (5) Finally, we separate the scene into the
original LiDAR scans and propagate the class corrections to the instance labels. For simplicity, we omit the instance labels in this visualization.

D. 3D Refinement

In the subsequent steps, we leverage the 3D information of
a point cloud to further enhance the primal labels. Throughout
this section, we refer to the steps visualized in Fig. 3.

Accumulation and Ground Segmentation: First, we compute
relative 3D poses for temporally contiguous LiDAR scans
based on KISS-ICP [40]. Then, we use these poses to
accumulate the contiguous scans in larger point clouds
Ps = {Ps,,-..,Ps, }, where we refer to an accumulated
point cloud P, € Pg as an individual scene (step I). Note
that this nomenclature follows the common sequence-oriented
setup in autonomous driving datasets [41], [42]. Second, we
generate ground segmentation masks using Patchwork++ [43]
to separate a scene P; into a ground partition PSG and a non-
ground partition PV (step 2). These partitions are processed
individually in the subsequent steps.

Clustering and Correction: For each scene, we extract point
clusters Cs = {C1,...,Cy,} separately for both partitions
P& and PY using HDBSCAN [44] (step 3). Furthermore, all
points that were not assigned to any cluster by HDBSCAN
are collected in an additional cluster C,,,;.. We reassign all
points in C,,;. to their respective nearest cluster in C, using a
k-nearest neighbors classifier. Intuitively, the geometry-based
clusters should approximate semantic objects, i.e., all points
within a cluster should receive the same pseudo-label (step 4).
We further define a set of rare semantic classes Y C ) that
are underrepresented in the primal labels, e.g., construction
vehicle. For each cluster, we compute the frequency of each
semantic class. If the most frequent class is void and the
frequency is greater than a threshold 7,,;4, We assign all
points in the cluster to void. If the frequency of a rare class is
above a threshold 7, we use this class as the pseudo-label of
all points within the cluster. Otherwise, we use the cluster’s
most frequent label:

N K2 if JyeYr:freq(y)>T
Yi =9 argmax{freq(y) |y}, otherwise )
y

Here, freq(y) is the in-cluster frequency of a semantic label y
and the updated pseudo-label of a point p; is denoted by ¥;".

Instance Correction: Until now, we have only updated the
semantic class of the panoptic pseudo-labels without consid-
ering the instance information. In the final step, we transfer
the previous semantic changes to the instance labels. Unlike
the previous steps, in which we operated on the accumulated
scenes Pg, we now correct the instances on the original point
clouds P (step 5). For every point p; € P; of a given point
cloud P; € P, we first assign an instance label 2} via:
. Zi, if g, = y;
7= . ®)
unknown, otherwise
Afterward, we resolve the unknown instance IDs by adopting
the instance ID of the point’s nearest neighbor that was
assigned a valid ID in Eq. (5). Note that as defined by the
panoptic segmentation task, points belonging to the semantic
stuff class are not assigned an instance ID.

E. Segmentation Network Training

After generating pseudo-labels for unlabeled point cloud

data, we train off-the-shelf LiDAR semantic and panoptic
segmentation models with them as illustrated in Fig. 2.
Specifically, we train ScalLR [35] for semantic segmentation
and P3Former [4] for panoptic segmentation. These methods
also allow for real-time point cloud segmentation.
Semantic Segmentation: ScalLR [35] distills task-agnostic
features from vision foundation models to the LiDAR domain.
For semantic segmentation, the network requires fine-tuning
with semantic point cloud annotations. In this work, we
substitute the normally used ground truth labels with our
generated pseudo-labels and fine-tune the ScaLR model with
the following loss:

L= ECE(D:Y) + A Lrovisz (SOftmax(paY)) ) (6)
with Log(p,y) denoting the cross entropy loss:

—> logpiy, , )

i€l

Lee(p,y) =

where p; ,, is the predicted probability for the correct class y;
of pixel 7, and Z is the set of all pixels. Ly oys4s, i the Lovasz
softmax loss applied only to valid points (y # void/ignore)
with weighting factor A.



Panoptic Segmentation: In contrast, P3Former [4] adheres
to the conventional framework of supervised learning. We
train the model from scratch using our generated panoptic
pseudo-labels, with the following loss function:

L= )\cﬁc + /\fsﬁfs + Apsﬁps (8)

The total loss £ is composed of a classification loss L.,
a feature-seg loss Ly, and a position-seg loss L,,. Each
component is multiplied by a corresponding weighting
factor \. For further details, we refer to P3Former [4].

IV. EXPERIMENTAL EVALUATION

In this section, we first detail the experimental setup and
evaluation protocol. Subsequently, we present extensive exper-
iments supporting our key claims, namely (1) L*PS reduces
the reliance on expensive point cloud annotations, (2) its post-
processing module effectively improves the quality of the
generated pseudo-labels by leveraging structural information,
and (3) L3PS achieves competitive performance compared to
existing baselines while requiring less annotation effort.

A. Dataset and Evaluation Metrics

To evaluate our method, we require a dataset that provides
synchronized LiDAR scans and surround-view images. Al-
though this setup is common in mobile robotics, ground truth
panoptic annotations are rarely available for both modalities
in the same dataset. While LiDAR annotations are required for
evaluation, a small number of image annotations are required
to train the label-efficient image segmentation network. The
most widely used benchmarks [4], [21], [22], [34]-[36] for
LiDAR panoptic segmentation are Panoptic nuScenes [16]
and SemanticKITTI [42]. Neither of these datasets provides
annotated surround-view images. However, the nulmages
dataset [41] was recorded in the same domain as nuScenes
and contains labels for one stuff class and the same ten
thing classes as available in Panoptic nuScenes. To match the
convention of Panoptic nuScenes, we manually add the labels
for five additional stuff classes to a small (k = 30) subset
of images. Following previous work [14], [15], we carefully
select these images to capture all semantic categories. We
then use these human-annotated images to train PASTEL [15],
followed by employing L3PS to generate panoptic point cloud
pseudo-labels for the nuScenes dataset. Throughout this sec-
tion, we report results on the val split using the panoptic qual-
ity (PQ) and mean intersection over union (mloU) metrics.

B. Main Results

In the following, we first present quantitative results
comparing our L>PS approach to various baselines, followed
by qualitative results.

Quantitative Results: In the first experiment, we compare
our L*PS approach with various existing methods for LiDAR
panoptic segmentation, providing evidence for our claims (1)
and (3). We report results in Tab. I, categorized by different
levels of supervision. We list three sets of metrics based on
our L?PS: the quality of the pseudo-labels after 3D refinement,
semantic segmentation with ScalLR [35] after fine-tuning with

TABLE I
PANOPTIC SEGMENTATION RESULTS ON NUSCENES

Method | Human annotations | PQ mloU
Fully supervised:

Panoptic PH-Net [21] 28,130 LiDAR scans (100 %) | 74.7 79.7
MostLPS [22] —"— 77.1 80.3
P3Former [4] " 759 76.8
Semi-supervised:

ST-SLidR [34] 281 LiDAR scans (1 %) - 4038
SEAL [30] —"— - 458
ScalLR [35] —"— - 51.0
Zero-shot:

SALT [38] | n/a |384 339
Few labels:

ST-SLidR* [34] 30 LiDAR scans (0.1 %) - 443
ScaLR* [35] —'— - 580
L3PS pseudo-labels (ours) 30 images 48.1 56.5
L3PS + ScaLR (ours) —"— - 60.1
L3PS + P3Former (ours) —'— 514 482

Segmentation results on the nuScenes [16] validation set. The percentage
in parentheses is relative to the size of the full training set. The highest
metrics among the non-fully supervised approaches are highlighted in bold.
F: SAL uses SAM [30] that is trained with human supervision. ¥: Baselines
trained by us. The other metrics are from the respective publication.

these labels, and panoptic segmentation with P3Former [4]
trained with the corresponding panoptic pseudo-labels.

First, we present quantitative results of fully supervised
LiDAR panoptic segmentation methods, using 100 % of the
annotated point cloud train data. Panoptic PH-Net [21]
uses heatmap clustering, MostLPS [22] uses a detection-
centric approach, and P3Former [4] adopts a transformer
architecture. We observe that L*PS falls short of fully
supervised approaches; however, it is important to emphasize
that our approach relies on an extremely limited subset
of annotated data (30 images vs. 28,130 LiDAR scans),
consisting of images rather than point clouds.

Second, we compare with semi-supervised methods in
which 1% of the train split is commonly used to assess
performance. In particular, we evaluate ST-SLidR [34] that
uses self-supervised learning with superpixels, SEAL [36]
that distills multiple foundation models, and ScalL.R [35]
that leverages pretraining on multiple datasets. In Tab. I,
we include the results as reported by the respective method.
Our approach (“L*PS + ScalLR”) instead relies on only 30
annotated images and achieves +19.3 mloU over ST-SLidR,
+14.3 mloU compared to SEAL, and +9.1 mloU compared
to ScalLR. Furthermore, we also compare our method with
a recently proposed zero-shot panoptic segmentation model
SAL [38], which employs SAM [30] for generalized segmenta-
tion without fine-tuning. Our method (“L*PS + P3Former” and
“L*PS + ScalLR”) achieves substantial gains of +13.0 PQ and
+26.2 mloU with only 30 annotated images. This underscores
the advantage of L*PS in scenarios with minimal supervision.

Third, we compare our method with label-efficient
methods, which are paramount for large-scale datasets. We
also fine-tune ST-SLidR and ScalLR using 30 annotated
point clouds for a fair comparison. These 30 samples
correspond to approximately 0.1% of the full train
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Fig. 4. Qualitative results on the nuScenes dataset [16] generated by our L3PS approach. We show improvements of the 3D refinement module (“refined
labels”) compared to a naive image-to-point-cloud projection (“primal labels”). While we only visualize semantic segmentation in the background map, in
the bottom figure we include instance-level pseudo-labels of a single LiDAR scan. Class-wise color legend can be found in Tab. III.

TABLE 11
ABLATION STUDY: 3D REFINEMENT
Method Pseudo-labels ScaLR P3F0rmer
PQ mloU mloU mloU
Primal labels 37.5 48.6 - 51.2 27.5 28.7
+ 3D refinement 48.1 56.5 - 60.1 514 48.2
\ +10.6 +7.9 \ - +8.9 \ +23.9 +19.5

We analyze the effect of our proposed 3D refinement module on the vanilla
pseudo-labels as well as on using them to train ScalR [35] for semantic
segmentation and P3Former [4] for panoptic segmentation.

split and are randomly sampled while ensuring that all
classes are represented. We repeat this procedure for five
different subsets and average the results from five-fold
fine-tuning of ST-SLidR and ScaLR. Our method (“L3PS +
ScalL.R”) outperforms ST-SLidR by +15.8 mloU and ScalL.R
by +2.1 mloU, while requiring only image ground truth
annotations. This demonstrates the cost-effectiveness of
using image annotations over point cloud labels.

Consequently, the results indicate that by leveraging 2D
annotations, L*PS optimizes the balance between annotation
efficiency and segmentation performance, positioning it as a
viable alternative for label-efficient LIDAR segmentation and
supporting our claim of reducing the reliance on expensive
point cloud annotations. Furthermore, the results demonstrate
that L3PS achieves competitive performance relative to
existing baselines while requiring less annotation effort.

Qualitative Results: We visually demonstrate the performance

of L’PS in Fig. 4. We illustrate how our 3D refinement
module enhances segmentation quality by improving label
consistency, reducing noise, and achieving better instance
separation. Compared to primal labels, the refined labels show
clearer object boundaries and a more structured representation
of the scene. By leveraging geometric properties and temporal
accumulation, our approach ensures more accurate and
coherent panoptic segmentation, reinforcing the effectiveness
of L?PS in a label-efficient setting.

C. Ablation Studies

In the following ablation studies, we first evaluate the
efficacy of our proposed 3D refinement post-processing,
supporting claim (2). Afterward, we analyze the impact of
the individual components of L3PS and provide a study on
the parameter sensitivity of the clustering step.

3D Refinement: We report results on the val split before and
after employing our proposed 3D refinement module in Tab. II.
Projecting raw 2D predictions onto point clouds results in
what we refer to as primal labels (see Sec. III-C). This initial
step achieves a performance of 37.5 % PQ and 48.6 % mloU.
After further processing using our 3D refinement module
(see Sec. III-D), the label quality improves substantially
by +10.3 PQ and +6.6 mloU. We report further class-wise
results in Tab. III. Next, we evaluate the module’s impact
on the performance of the employed downstream models
ScalR [35] and P3Former [4], i.e., generating pseudo-labels
for training with and without 3D refinement. While ScaLR
achieves a validation performance of 51.2% mloU when



TABLE III
ABLATION STUDY: CLASS-WISE PERFORMANCE
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Class-wise segmentation results on the nuScenes [

TABLE IV
ABLATION STUDY: COMPONENTS ANALYSIS
Method | PQ mloU
Primal labels 37.5 48.6
+ In-cluster majority voting 47.6 (+10.1) 54.5 (+5.9)
+ Ground separation 48.0 (+0.4) 559 (+1.4)
+ Favoring rare classes 48.1 (+0.1) 56.5 (+0.6)

We analyze the impact of the steps of our 3D refinement module. Starting
with the primal labels, we initially employ vanilla majority voting within
each cluster. Next, we add ground and non-ground partition separations.
Finally, we customize the voting mechanism by prioritizing rare classes.

being trained with the primal labels, using the refined labels
yields a notable improvement of +7.9 mloU. We make
similar observations for P3Former. Training with the primal
labels results in 27.5% PQ and 28.7% mloU, which are
substantially increased after 3D refinement by +24.1 PQ and
+15.9 mloU. We attribute this pronounced effect to the fact
that our design choices of the 3D refinement module explicitly
target the more challenging task of panoptic segmentation.

Components Analysis: In Tab. IV, we present a detailed
component-wise analysis of our approach. Initially, reas-
signing semantic classes within point-based clusters, as
opposed to using the primal labels, yields an improvement of
+10.1 PQ and +5.9 mloU. This result clearly demonstrates
the substantial impact of refining semantic assignments
through spatial clustering. Subsequently, employing ground
segmentation, i.e., segregating ground points from non-ground
points prior to clustering, provides an additional increase of
+0.4 PQ and +1.4 mloU. This finding further underscores the
importance of isolating ground elements to enhance overall
clustering performance. Finally, employing a majority voting
scheme that favors rare classes further enhances the pseudo-
label quality by +0.1 PQ and +0.6 mloU.

Cluster Size: In this ablation study, we investigate the
impact of varying the minimum cluster size s used in
HDBSCAN [44] on the quality of the pseudo-labels. We report
the PQ and mIoU metrics for s € {3, 5,10, 20,50} in Tab. V.
Additionally, we measure the average runtime for processing
a single scene. As expected, a larger minimum cluster size
results in lower runtime due to the creation of fewer clusters.
The chosen parameter s = 5 provides a reasonable trade-off,
yielding the highest scores for both PQ and mloU metrics
while maintaining efficient runtime.

] validation set for both primal and refined labels.

TABLE V
ABLATION STUDY: MINIMUM CLUSTER SIZE

Cluster size Runtime Pseudo-labels
‘ ‘ PQ mloU
3 62.2s 46.8 55.9
5 20.8s 48.1 56.5
10 7.6s 47.8 55.2
20 5.3s 45.9 52.9
50 5.0s 40.6 48.7

The minimum cluster size used in HDBSCAN [44]. The
parameter used in the other experiments is highlighted in
gray. The highest scores per metric are printed in bold.

V. CONCLUSION

In this work, we addressed the challenge of reducing
the annotation effort for LiDAR panoptic segmentation. We
proposed the novel method L3PS, which transfers recent label
reduction techniques from the image domain to the point
cloud domain. Our L?PS approach consists of two steps,
namely (1) leveraging a highly label-efficient method for
visual panoptic segmentation to generate image pseudo-labels
that are projected onto 3D LiDAR scans and (2) refining these
pseudo-labels based on spatial 3D information. We show that
the refined point pseudo-labels can be used to train an off-the-
shelf network for LiDAR panoptic segmentation achieving
competitive performance to various baselines while shifting
the annotation effort to the less complex image space. We
believe that our work represents an important step towards
cost-efficient point cloud segmentation contributing to robotic
3D perception. Future research could explore integrating our
approach with unsupervised domain adaptation techniques and
further advancing point cloud representation learning, drawing
parallels to recent progress in the computer vision domain.
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