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Abstract— LiDAR-based 3D semantic segmentation is a crit-
ical task in autonomous driving, but its scalability is limited
by the reliance on large-scale labeled datasets. Semi-supervised
learning (SSL) offers a potential solution by leveraging unla-
beled data. However, most existing SSL. segmentation methods
are designed for mechanical spinning LiDAR (MSLR) and fail
to generalize well to solid-state LIDAR (SSLR) due to different
scanning patterns and point cloud distributions. To address
this challenge, we propose SSLiMix, a novel semi-supervised
segmentation method with checkerboard mixing for solid-state
LiDAR. Unlike prior MSLR-oriented methods, SSLiMix em-
ploys 2D grid partitioning with checkerboard mixing to adapt
to SSLR’s dense and uniform point clouds, thereby preserving
spatial consistency even when beam-based augmentations fail.
Additionally, we introduce a hierarchical confidence-aware
pseudo-labeling mechanism (HCAP), which classifies pseudo-
labels by confidence and applies targeted processing to enhance
pseudo-label reliability. Experiments on the PandaSet dataset
show that SSLiMix improves mloU by 11.3% over the fully-
supervised baseline using only 1% labeled data, demonstrating
its effectiveness in low-label regimes and providing a strong
benchmark for semi-supervised SSLR segmentation.

I. INTRODUCTION

LiDAR (Light Detection and Ranging) point cloud se-
mantic segmentation is a fundamental task in autonomous
driving, aiming to assign a semantic label to every point in
a 3D scene [1], [3], [8], [16], [31]. In recent years, deep
learning has made significant progress in this field. How-
ever, most existing methods still rely heavily on large-scale,
high-quality labeled datasets. The fine-grained annotation
of LiDAR point clouds is both time-consuming and labor-
intensive task, which makes the deployment of the model in
practical applications a great challenge [7], [9], [17]. Semi-
supervised learning (SSL) offers an effective alternative by
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Fig. 1: Comparison of Mechanical and Solid-State LiDAR
point clouds. The top image shows sparse, rotationally
scanned point clouds from Mechanical LiDAR, while the
bottom image illustrates denser, more uniform point clouds
from Solid-State LiDAR with extended range.

leveraging a small set of labeled data alongside abundant
unlabeled samples, thereby enhancing model performance
while significantly reducing annotation costs.

Recent years have seen the development of various SSL-
based methods for 3D semantic segmentation [4], [10],
[13], [15], [20]. These methods mainly focus on utilizing
the prior information of the point cloud, such as spatial
structure, reflectance features, or even 2D semantic cues,
to provide supervised signals for unlabeled data, thereby
efficiently transferring semantic knowledge from labeled to
unlabeled data. While these methods have achieved sig-
nificant results in Mechanical Spinning LiDAR (MSLR)
scenarios, their effectiveness largely depends on the inherent
characteristics of MSLR, including the regular rotational
scanning patterns and radially sparse point cloud distribution
over distance [30], [34]. In contrast, Solid-State LiDAR
(SSLR) presents fundamentally different data characteristics.
As shown in Fig. 1, SSLR uses Micro-Electro-Mechanical
Systems (MEMS) or Flash scanning technologies to produce
denser and more uniformly distributed point clouds, lacking
the structured laser beams of MSLR [11], [24]. These dif-
ferences limit the applicability of beam-based augmentation
methods (e.g., LaserMix) to SSLR data, often resulting in
poor or unstable performance. In addition, the quality of
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pseudo-labels plays a crucial role in SSL [10], [12], [18],
[19], [43]. Due to the dense and uniform distribution of SSLR
point clouds, generating high-confidence pseudo-labels be-
comes more challenging. Directly applying MSLR-designed
pseudo-labeling strategies, which use a fixed threshold, may
introduce significant noise, degrading learning efficiency.
To address these challenges, We propose SSLiMix, a
novel semi-supervised segmentation method for SSLR point
clouds. Unlike traditional laser beam-based methods [4],
[13], [43], SSLiMix employs a 2D grid-based partitioning
combined with checkerboard-style mixing, which is better
suited for the dense and uniform point clouds of SSLR
while preserving spatial consistency. We further introduce
a Hierarchical Confidence-Aware Pseudo-Labeling (HCAP)
mechanism, which classifies pseudo-labels into high, am-
biguous, and low-confidence regions and dynamically adjusts
thresholds based on category characteristics. In contrast to
fixed-threshold pseudo-labeling methods [4], [10], [15], [20],
HCAP effectively leverages low-confidence labels with latent
semantic value, improving supervision and overall perfor-
mance. We validate our approach on the large-scale PandaSet
dataset [5]. Extensive experiments demonstrate that SSLiMix
consistently outperforms state-of-the-art semi-supervised Li-
DAR segmentation methods [4], [13], [20] under varying
annotation-scarcity settings, confirming its effectiveness in
SSLR scenarios. Our main contributions are as follows:

o We propose SSLiMix, a novel augmentation strategy
based on 2D grid partitioning and checkerboard mixing,
explicitly designed for SSLR’s dense and uniform point
clouds.

e We introduce HCAP, a hierarchical pseudo-labeling
mechanism that dynamically adapts thresholds and
leverages low-confidence labels for richer supervision.

o Through extensive experiments, we validate the effec-
tiveness of our method in low-data scenarios and estab-
lish a PandaSet benchmark to facilitate future research.

II. RELATED WORK

LiDAR Semantic Segmentation. Various methods have
been proposed for LiDAR semantic segmentation, catego-
rized into point-based, projection-based, and voxel-based
approaches [1], [8], [9], [16], [21]. Point-based methods [2],
[3] exploit spatial relationships among unordered points to
learn point-wise features from raw point clouds, but they
incur high computational cost, limiting scalability in large-
scale scenes. Projection-based methods [23], [25], [27], [29],
[32] map point clouds onto 2D planes using perspective or
spherical projections, enabling efficient segmentation with
2D CNNs, though this process may sacrifice geometric
fidelity. Voxel-based methods, such as Cylinder3D [31], par-
tition point clouds into 3D grids, preserving spatial structure
while balancing accuracy and efficiency. Despite these ad-
vances, all these approaches rely on fully supervised training,
requiring large labeled datasets and performing poorly when
annotations are scarce, which motivates the exploration of
semi-supervised solutions.

Semi-supervised LiDAR Segmentation. Semi-supervised
3D semantic segmentation trains models using a small
amount of labeled data together with a large set of un-
labeled point clouds, effectively reducing annotation cost
[4], [6], [9], [10], [17]. Early work in this direction was
primarily conducted on indoor RGB-D point clouds. HPAL
[6], [33] achieved strong results on indoor datasets, but
the limited scale and diversity of indoor scenes, together
with their differences from LiDAR spatial structures and
sampling priors, restrict the applicability of such methods
to outdoor LiDAR data. Recent studies have therefore fo-
cused on semi-supervised LiDAR segmentation. LaserMix
[4] exploits strong spatial priors by mixing laser beams from
different scans to enhance prediction consistency under data
augmentation. ItTakesTwo [13] combines range and voxel
representations to improve both consistency and contrastive
learning, while PLE [20] leverages spatio-temporal consis-
tency to generate reliable pseudo-labels and mitigate label
imbalance through a dual-branch model. Nevertheless, these
methods are primarily designed for mechanical LiDAR, and
due to fundamental differences in scanning patterns and point
cloud distributions, they often struggle to adapt effectively to
SSLR scenarios.

Solid-State LiDAR Segmentation. Compared to tradi-
tional mechanical LiDAR, solid-state LiDAR offers faster
scanning speeds, higher resolution, and improved stability,
making it an appealing alternative for autonomous driving
applications [11], [24], [34]. However, its unique scanning
patterns and point cloud distributions pose new challenges
for semantic segmentation. Recent fully supervised methods
have attempted to address these issues through tailored
architectures. SFPNet [35] introduces a sparse focus mecha-
nism to adapt to varying point cloud densities and distribu-
tions, while SSL-VoxPart [36] proposes an adaptive voxel
segmentation strategy designed specifically for SSL data.
Despite their effectiveness, these approaches rely heavily
on large-scale annotations, limiting scalability. To mitigate
this, CL3D [37] explores unsupervised domain adaptation to
transfer knowledge from mechanical to solid-state LiDAR,
improving cross-sensor generalization. Nevertheless, semi-
supervised segmentation for SSL remains largely unexplored.
This work addresses this gap by proposing a semi-supervised
framework that leverages SSLR’s unique features, while
establishing comprehensive SSL benchmarks on popular
autonomous driving datasets.

III. METHOD

Fig. 2 illustrates the overall pipeline of the proposed
method. We first define the semi-supervised point cloud
segmentation problem, followed by an introduction to our
framework’s architecture and detailed descriptions of its
components. Finally, we present the loss functions used for
training.

Problem Definition. In the semi-supervised setting, we
are provided with two sets of data: a small set of manually
annotated point clouds D; = {(X;,Y;)}Y,, and a large

i=1°

set of unlabeled point clouds D, = {X;},*,. Each point
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Fig. 2: The labeled data X; is fed into the Student network to compute the supervised loss Lg,, with ground-truth Y;. The
unlabeled data X, and generated pseudo-labels Y,, are mixed with (X;,Y;) using SSLiMix (Sec III-B) to form the mixed
sample (Xpix, Ymix ), which is then fed into the Student network to compute the mixing loss L. The Teacher network is
updated using EMA, and the mean teacher loss Ly, is computed over the Student and Teacher predictions.

cloud sample X; € R™*(3+7) consists of m points, where
each point is represented by its 3D Cartesian coordinates and
r-dimensional additional features (e.g., intensity or color).
The corresponding label Y; € {1,...,c}™ denotes the
per-point semantic annotations over ¢ predefined categories.
Typically, N,, > N;. The goal of semi-supervised point
cloud segmentation is to leverage both limited labeled data
and large-scale unlabeled data to improve the performance
of an segmentation model.

A. Overall Architecture

We adopt the widely used teacher-student framework [38],
consisting of two segmentation networks sharing the same
architecture. In our implementation, both the teacher and stu-
dent networks utilize the same segmentation head fy, which
learns a point-wise segmentation function fy : R™*(+7)
R™>¢, mapping an input point cloud X; to per-point prob-
ability distributions over ¢ semantic classes.

During training, each batch is divided into labeled and
unlabeled point clouds. The student network Gy, is super-
vised with ground-truth labels for the labeled data and pseudo
labels generated by the teacher network Gy, for the unlabeled
data. The student network is updated via standard backpropa-
gation. The teacher network is updated using an Exponential
Moving Average (EMA) of the student’s parameters:

o) a0V 4 (1— )o®), (1)

where « is the EMA decay rate and %k denotes the training
step.

To enhance sample diversity and better exploit unlabeled
data, we propose SSLiMix, a grid-based data augmenta-
tion strategy (Sec. III-B). SSLiMix partitions both labeled
and unlabeled point clouds into 2D grids and applies a
checkerboard-style mixing strategy to combine the data
before feeding it into the student network. Furthermore,
to address the unreliability of pseudo labels, we introduce
a Hierarchical Confidence-Aware Pseudo-Labeling (HCAP)
mechanism (Sec. III-C). By categorizing pseudo labels into
high-confidence, ambiguous, and low-confidence regions and
applying targeted refinement strategies, HCAP improves
pseudo-label quality and provides more reliable supervisory
signals to the student network.

B. SSLiMix Data Augmentation

Traditional data mixing strategies, such as LaserMix [4],
rely on a beam-based partitioning scheme that divides the
point cloud into concentric annular regions based on eleva-
tion angles. An alternating even-odd mixing strategy is then
applied along the radial direction within each ring. While
effective for mechanical LiDAR with full 360° scanning
coverage, this method relies heavily on the sparse radial
distribution and consistent beam arrangement, assumptions
that do not hold for solid-state LiDAR due to differing
scanning principles.

In contrast, solid-state LiDAR, particularly those employ-
ing MEMS-based scanning, produce point clouds that are
denser and more uniformly distributed within a constrained
field of view [24]. Additionally, solid-state LiDAR point
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clouds exhibit strong semantic locality, where neighboring
points typically belong to the same object or surface. These
characteristics suggest that a different partitioning approach
is required. Therefore, we propose a 2D angular grid-based
partitioning strategy, more suited to the spatial structure of
solid-state LiDAR point clouds. Given a point cloud X =
{(z4,vi,2) Y., the azimuth @) and pitch ¢ for each point
are computed as follows:

Yi Zj
f; = arctan [ — |, ; = arctan | ————1|. (2)
(1‘1) ’ ( Vi + y?)

The field of view is then discretized into a grid of M x N
angular cells, with the angular bounds of each cell defined
by:

emax - emin

0777. - 9[1'11[1 + m X M )

d)max ¢mm

N )
Each grid cell (m,n) represents a localized region within
the point cloud, reflecting the fine spatial structure inherent
in solid-state LiDAR data.

Building upon this grid partitioning, we introduce
SSLiMix, a checkerboard-style point cloud mixing strategy
designed specifically for solid-state LIDAR. Given a labeled
point cloud P and one unlabeled Pjpjane;, We construct a
mixed point cloud Pyx by selecting data sources based on
the parity of the grid indices:

me{0,..,M—1} (3)

On = Omin +n X ————, ne{0,..,.N—-1} (4)

Pupet(m,n), if (m+n) is even

5
Punlabel(m; n)7 if (m + Tl) is odd ( )

Prix(m,n) = {
The SSLiMix process involves two main stages: (1) parti-
tioning the point cloud into 2D grids, and (2) performing
a checkerboard-style mixing of labeled and unlabeled data
sources based on grid cell index. This mixing strategy main-
tains spatial consistency within localized regions, enhancing
both training diversity and the semantic continuity of the
scene.

We hypothesize that SSLiMix improves spatial consis-
tency and robustness compared to traditional beam-based
mixing methods, particularly for dense and semantically
localized point clouds generated by solid-state LiDAR. This
hypothesis will be validated in Section IV.

C. Hierarchical Confidence-Aware Pseudo-Labeling

The quality of pseudo-labels is critical for semi-supervised
learning, especially for solid-state LiDAR point clouds
whose predictions often exhibit a narrower confidence range
than mechanical LiDAR. As a result, a single global confi-
dence threshold tends either to retain excessive noisy super-
vision or to discard informative but uncertain labels, limiting
training effectiveness. To address this issue, we propose Hier-
archical Confidence-Aware Pseudo-Labeling (HCAP), which
integrates confidence stratification with class-wise adaptive
thresholding, as illustrated in Fig. 3.
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Fig. 3: HCAP mechanism: Pseudo-label classification and
processing strategies for three confidence regions.

Refined Pseudo-Labels

Given a pseudo-label confidence p; for point i, HCAP
partitions pseudo-labels into three regions using two thresh-
0lds Tipw and Thigh: high-confidence (p; > Thigh), ambiguous-
confidence (Tiow < pi < Thigh), and low-confidence (p; <
Tiow ). High-confidence pseudo-labels are considered reliable
and are fully retained with an increased training weight
to amplify their supervisory contribution. Low-confidence
pseudo-labels are deemed unreliable, so they are excluded
from the loss computation to prevent misleading supervision.
For pseudo-labels in the ambiguous-confidence region, we
adopt a stochastic retention strategy to partially exploit infor-
mative yet uncertain supervision while mitigating systematic
bias. Specifically, each ambiguous pseudo-label is preserved
via Bernoulli sampling with probability:

_ Pi— Tiow
w; = 9
Thigh — Tlow

Tiow < Pi < Thigh (6)
so that higher-confidence ambiguous labels are more likely
to be retained, while noisier ones are suppressed.

A fixed global thresholding scheme also fails to accom-
modate the confidence imbalance across semantic categories,
where rare or difficult classes are more prone to under-
representation during pseudo-label propagation. To improve
adaptability, HCAP introduces class-wise adaptive thresholds
computed from the accumulated confidence statistics of
each class. Let P. denote the confidence distribution of
pseudo-label predictions for class c¢. We define class-specific
thresholds using quantiles:

Tlfigh = Quantileg (P.), 74y = Quantile (P.). (7)

where o and [ are quantile levels. This enforces stricter
thresholds for frequent classes while relaxing them for rare or
difficult ones, improving pseudo-label reliability. Class-wise
thresholds are activated only after a minimum number of
pseudo-label samples are accumulated for class c; otherwise,
HCAP falls back to the global thresholds iy and Thigh.

By combining hierarchical stratification and class-adaptive
thresholding, HCAP effectively exploits reliable supervision
while reducing noise and class imbalance, leading to more
robust semi-supervised learning on solid-state LiDAR point
clouds.
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D. Loss Functions

Supervised Loss. For labeled data X; with corresponding
ground-truth labels Y;, the student network is optimized
using the standard cross-entropy loss:

1 m ; )
Lop=— ST CE(YY, G, (X)), (8)
=1

where m denotes the number of points in the input point
cloud, and CE(-) represents the cross-entropy function.
Mixed-Data Loss. To leverage unlabeled data, SSLiMix
combines a labeled sample (X7, Y;) and an unlabeled sample
X, with its pseudo labels Y,, to construct a mixed input X pix
and mixed label Yx. The student network is supervised on
the mixed data using:

& ) NG
L= 1 D CBOU G X)) )

Consistency Loss. To enforce prediction consistency be-
tween the teacher and student networks on the same unla-
beled input X,,, we adopt a mean squared error loss:

E (10)

L= |0, (%)@ — G, ()
i=1

Total Loss. The overall training objective is defined as:

L= »Csup + >\mix£mix + )\mtﬁmv (11)

where A\pix and Ay, are balance weights for the mixed-data
and consistency losses, respectively.

During inference, only the teacher network Gy, is used
to generate predictions, as it typically provides more stable
outputs.

IV. EXPERIMENTS
A. Experiment Settings

Dataset. Given the scarcity of publicly available solid-
state LiDAR datasets, we conduct our experiments on the
PandaSet [5] dataset, one of the most comprehensive multi-
sensor datasets for semantic segmentation tasks. PandaSet
includes LiDAR data collected using two distinct sensors:
the rotating Pandar64 and the solid-state PandarGT, both
operating at a frequency of 10 Hz. For this study, we focus
on the data captured by the PandarGT sensor. Specifically,
we extracted labeled scans from PandarGT and merged
the original label categorization into 13 semantic categories
for evaluation. The dataset is then split into training and
validation sets with a 4:1 ratio [4], [40], [41]. Following
the settings of previous semi-supervised segmentation studies
[4], [13], we evaluate the effectiveness of our method under
varying levels of supervision. Specifically, we uniformly
sample 1%, 10%, 20%, and 50% of the labeled training scans
and treat the remaining scans as unlabeled. This protocol
allows us to investigate the robustness of SSL algorithms
under different supervision ratios.

Evaluation Metrics. We employ Intersection over Union
(IoU) and Mean Intersection over Union (mloU) as key
metrics for evaluating our model’s performance [15]. IoU,
defined as the ratio of the intersection to the union of the
predicted and ground truth point sets for a specific class,
quantitatively assesses the precision of model predictions for
individual class labels. The mloU is the average IoU across
all classes, providing an overall performance measure.

Implementation Details. Our experiments are based on
the MMDetection3D [28] codebase, configured with refer-
ence to LaserMix and optimized for the characteristics of
solid-state LiDAR data to better fit the SSLiMix framework.

TABLE I: Segmentation results (mloU) on the PandaSet [5] under varying labeled ratios. Best results are in bold.

Repr. Method Venue Backbone PandaSet

1% 10% 20% 50%
Sup.-only CVPR 2021 FRNet 32.3 36.1 37.5 38.6
= MeanTeacher [38] NeurIPS 2017 28.0 353 35.7 36.5

D
iz CBST [22] ECCV 2018 FRNet 27.7 33.0 34.5 35.1
g LaserMix [4] CVPR 2023 31.8 36.5 37.2 37.9
5 FrustumMix [32] CVPR 2024 32.1 37.5 384 38.9
Ours 32.8 37.7 38.6 38.9

FRNet

AT +0.5 +1.6 +1.1 +0.5
Sup.-only CVPR 2021 MinkUNet 37.0 46.8 47.2 49.5
MeanTeacher [38] NeurIPS 2017 37.3 42.4 45.8 46.6
CBST ['22] ECCV 2018 MinkUNet 32.7 41.3 43.2 43.8
LaserMix [4] CVPR 2023 43.6 47.2 48.3 50.8
HiLoTs [43] CVPR 2025 44.0 48.4 49.2 51.6
E Ours MinkUNet 46.4 54.3 54.9 56.9
S AT +9.4 +7.5 +7.7 +7.4
Sup.-only CVPR 2021 Cylinder3D 36.9 46.7 48.9 50.8
LaserMix [4] CVPR 2023 39.1 459 46.3 47.7
PLE [20] IROS 2024 Cylinder3D 39.4 43.8 45.1 45.5
HiLoTs [43] CVPR 2025 43.1 45.6 48.3 49.7
Ours Cylinder3D 48.2 53.6 54.4 56.3
AT +11.3 +6.9 +5.5 +5.5
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We conducted experiments using two distinct representa-
tions: FRNet [32] for the range view, and MinkUNet
[44] and Cylinder3D [31] for the voxel-based representa-
tion. These backbones are well-known for their competitive
performance in LiDAR semantic segmentation and have
demonstrated strong results across multiple benchmarks. For
pseudo-labeling, we set confidence thresholds at 7pigp = 0.9
and 7w = 0.7. The model is optimized using the AdamW
[26] optimizer, with an initial learning rate of 0.004 and a
weight decay of 0.01. A OneCycle scheduler [14] is em-
ployed to dynamically adjust the learning rate during train-
ing. Data preprocessing included random flipping, rotation,
and scaling operations. All experiments are implemented in
PyTorch and conducted on NVIDIA RTX 3090 GPUs with
a batch size of 4.

B. Comparative Evaluation

To evaluate the generalization and effectiveness of
SSLiMix, we conduct extensive experiments on the Pan-
daSet dataset with three representative LiDAR segmenta-
tion backbones: FRNet [32] for range-view representation,
and MinkUNet [44] and Cylinder3D [31] for voxel-based
representation. Comparisons are made against classical 2D
SSL methods such as MeanTeacher [38] and CBST [22], as
well as recent 3D-specific approaches including LaserMix,
FrustumMix, PLE, and HiLoTs. Quantitative results are
summarized in Table I.

Ground Truth

Sup.-only

LaserMix

Results on Range-View Backbone. On the FRNet
[32] range-view backbone, SSLiMix demonstrates a steady
performance improvement across different annotation ra-
tios, consistently outperforming LaserMix and FrustumMix.
These results indicate that the method is applicable un-
der range-view representations; however, its overall mloU
remains lower than that of voxel-based models, reflecting
the inherent challenges of range-view representations in
capturing the characteristics of solid-state LiDAR data.

Results on Voxel-based Backbones. On voxel-based
backbones, SSLiMix demonstrates more pronounced advan-
tages. With 1% annotated data, it achieves 46.4% mloU
with the MinkUNet [44] backbone, surpassing the supervised
baseline by 9.4 points, and exhibits a similar improvement
on Cylinder3D [31], exceeding the baseline by 11.3 points.
Across both backbones, SSLiMix consistently outperforms
classical SSL methods and recent 3D-specific approaches. In
contrast, 2D SSL methods such as MeanTeacher and CBST
perform markedly worse, highlighting the limitations of di-
rectly transferring dense image-based consistency strategies
to 3D point clouds. Notably, MinkUNet achieves perfor-
mance on par with Cylinder3D while requiring substantially
less memory during training.

Qualitative Analysis. Visualization results in the Fig. 4
show that SSLiMix achieves more coherent segmentation
than Sup.-only and LaserMix on road, building, vegetation,
and cars. It produces sharper boundaries and stronger seman-

SSLiMix ( Our ) Error (Our)

car bicycle s moto. mmm truck mmmm oth-v. mmmm person mmmm road mmm sidew.

build. oth-o. mmm veget. mmmsign mmm oth-g.

Fig. 4: Qualitative comparison of SSLiMix with the Sup.-only and LaserMix models on the PandaSet dataset under the 20%

labeling ratio. Best viewed in color.
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tic consistency, with clear advantages in sparse and distant
regions. The error visualization indicates fewer misclassifi-
cations in critical areas, confirming its effectiveness under
limited supervision.

C. Ablation Study

To evaluate the contributions of key modules to semi-
supervised point cloud segmentation, we conduct system-
level and component-level ablation experiments on Cylin-
der3D. Unless otherwise noted, all experiments share the
same data split and training settings, and results are reported
under a 1% labeled ratio.

a) System-Level Ablation: Table II reports the system-
level ablation results. The first row corresponds to the
supervised-only baseline. Introducing the mean teacher (MT)
framework alone slightly decreases performance (36.9% —
35.1%), indicating that under extremely limited annotations,
unreliable pseudo-labels may introduce noise and hinder
optimization when no additional regularization or data aug-
mentation is applied. When SSLiMix is incorporated on top
of MT, performance improves substantially to 44.5% mloU,
demonstrating that the proposed grid-based mixing strategy
effectively stabilizes semi-supervised training and enables
better utilization of unlabeled data. Finally, integrating the
HCAP module further boosts performance to 48.2% mloU,
confirming that confidence-aware and class-adaptive pseudo-
label refinement is complementary to strong spatial augmen-
tation, leading to more reliable supervision.

TABLE II: System-level ablation of key modules.

| Baseline MT SSLiMix HCAP | mloU (%)
#1 v 36.9
#2 v v 35.1
#3 v v v 44.5
#4 v v v v 48.2

b) Pseudo-Label Filtering Strategies: Table III com-
pares pseudo-label filtering strategies using SSLiMix as the
default augmentation. Using a global confidence threshold
results in 44.5% mloU, whereas hierarchical thresholds in-
crease performance to 47.1%. The proposed HCAP method
further improves mloU to 48.2%, indicating that integrating
hierarchical thresholds with class-adaptive confidence selec-
tion better accounts for confidence variations across classes
and enhances pseudo-label reliability.

TABLE III: Ablation of pseudo-label filtering strategies.

Method mloU (%)
Global threshold (7 = 0.9) 44.5
Hierarchical threshold 47.1
HCAP (hierarchical + class-adaptive) 48.2

c¢) EMA Ratio Analysis: Table IV reports the effect of
different EMA momentum coefficients under 1% and 10%
label ratios. Performance steadily improves as the EMA
increases from 0.5 to 0.99, reaching the best results at

0.99. However, further increasing the momentum to 0.999
leads to slight performance degradation, likely due to overly
smoothed model updates.

TABLE IV: Effect of EMA momentum on segmentation
performance.

EMA | 1% Labeled  10% Labeled

0.5 473 52.8
0.9 47.6 53.1
0.99 48.2 53.6
0.999 46.8 52.5

d) Class-wise Performance Analysis: Fig. 5 presents
the class-wise mloU for representative static and dynamic
categories. SSLiMix consistently outperforms both the super-
vised baseline and LaserMix across most categories. Notably,
low-frequency dynamic classes such as motorcycle and truck
benefit significantly, while static categories like building and
vegetation also improve, indicating more consistent perfor-
mance across both object-level and scene-level categories.

ToU(%)
90

Sup.-only 80.9
80 LaserMix 75.3 75.0

SSLiMix (Our) .
70 = i

60.4

60 56.2 55.2 550 56.4
= 50.7
50 = 46.2
40 372

31.2
30
20
10
0

Motorcycle Truck Sidewalk Building Vegetation

Fig. 5: Class-wise mloU for representative static and dy-
namic categories.

V. CONCLUSION

We present SSLiMix, a semi-supervised framework for
semantic segmentation of solid-state LIDAR (SSLR). To ad-
dress the limited adaptability of MSLR-oriented methods to
SSLR’s dense and uniform point clouds, SSLiMix introduces
a 2D grid-based checkerboard mixing strategy that preserves
spatial continuity without relying on beam ordering. We also
propose a class-adaptive HCAP module to improve pseudo-
label quality and suppress noise. Experiments on PandaSet
demonstrate that SSLiMix achieves consistent improvements
under limited supervision. To the best of our knowledge, this
is the first work to systematically investigate semi-supervised
semantic segmentation for SSLR point clouds, and we estab-
lish the first benchmark to facilitate future research. Due to
the scarcity of public SSLR datasets, our study is currently
limited to PandaSet. Future work will extend SSLiMix to
broader SSLR scenarios, evaluate its generalization across
diverse LiDAR types and backbones, and explore multi-
modal sensor fusion for practical deployment in autonomous
driving.
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