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Novel Class Discovery (NCD) in 3D semantic segmentation is crucial for applications requiring the ability to
learn and segment previously unknown classes in point cloud data, such as autonomous driving and urban
planning. Traditional 3D semantic segmentation methods often build upon a fixed set of known classes,
which restricts their ability to discover classes not covered in the original training data. To overcome these
limitations, we propose a novel framework specifically designed for NCD in 3D semantic segmentation.
The framework integrates the Voxel-Geometry Data Integration module, the Cluster-based Representative
Sampling module, the Neighborhood Spatial Partitioning module, and the Spatial Feature Attention Mechanism.
These modules collectively enhance the model’s capability to integrate spatial and geometric information,
identify key representative points, map neighborhoods effectively, and synthesize localized and global features.
Experimental results on benchmark datasets, including S3DIS, Toronto-3D, SemanticSTF, and SemanticPOSS,
demonstrate the proposed method’s superior performance in discovering novel classes and improving overall
segmentation quality. For instance, in the SemanticPOSS-4° split, the method achieves a mean Intersection over
Union (mlIoU) of 43.68% for novel classes, compared to 35.70% achieved by NOPS. These results highlight
the framework’s effectiveness in handling complex scenes and its potential to advance NCD in 3D semantic
segmentation.

from the labeled dataset but found in unlabeled data (Riz et al., 2023).
Therefore, NCD in 3D semantic segmentation involves assigning each

1. Introduction

Real-world 3D environments are often highly dynamic, with new
object categories continually emerging in applications such as au-
tonomous driving, robotics, and urban planning. However, most tra-
ditional 3D semantic segmentation pipelines (Qi et al., 2017; Zhou
and Tuzel, 2018; Zhu et al., 2021; Zhao et al., 2021) rely on pre-
defined classes, limiting their ability to adapt to novel classes not
included in the training set. This limitation has led to the rise of Novel
Class Discovery (NCD) in 3D semantic segmentation, whereby models
build on existing labeled 3D data while autonomously segmenting
previously unseen classes without depending on additional manual
annotations (Riz et al., 2023).

Formally, NCD is defined as the task of classifying samples from
unlabeled data into novel classes by leveraging the knowledge gained
from labeled classes (Han et al., 2019). Base classes refer to categories
present in the labeled dataset, whereas novel classes are those absent
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point in a 3D point cloud a semantic label from either a base class or a
novel class, enabling dynamic 3D scenes to be segmented into distinct,
meaningful categories.

NCD is critical for bridging the gap between supervised learning and
real-world scenarios, where labeling data for all possible classes is often
impractical (Chi et al., 2022). In dynamic and unstructured environ-
ments, such as those encountered in autonomous systems and robotics,
new object classes frequently emerge. The cost and time required for
manual annotation make it infeasible to label every new class (Jia et al.,
2021). NCD enables models to autonomously discover and learn novel
classes from unlabeled data, enhancing their adaptability and ability
to generalize without extensive human intervention (Zhong et al.,
2021a). By integrating NCD into 3D semantic segmentation, models can
improve generalization to novel situations, enhance performance across
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diverse scenarios, and reduce dependence on comprehensive labeled
datasets (Riz et al., 2023).

NCD has been explored in fields such as 2D image classification and
semantic segmentation (Zhong et al., 2021b; Zhao et al., 2022). How-
ever, its application to 3D semantic segmentation introduces unique
challenges. The high dimensionality and unstructured nature of point
cloud data complicate the integration of spatial and semantic infor-
mation, which is crucial for accurate segmentation and novel class
discovery. Moreover, processing large-scale point clouds is compu-
tationally intensive, and existing methods often fail to manage this
complexity without compromising spatial details. NOPS (Riz et al.,
2023) extends NCD to 3D point cloud semantic segmentation. Unlike
2D methods that assume constraints such as a single novel class per
image and leverage saliency detection, NOPS adapts to the complexities
of 3D data. It clusters unlabeled points based on semantic similarity,
performs batch-level clustering with continuous prototype updates, and
introduces a queuing strategy to address potentially missing classes.

However, although NOPS (Riz et al., 2023) is a pioneering effort
in introducing NCD to 3D point cloud semantic segmentation, several
key challenges remain. First, NOPS primarily leverages voxel-based
representations but does not thoroughly integrate the original spatial
coordinates, which may limit the preservation of fine-grained geometric
details, especially in scenes with multiple novel classes. Second, in
highly irregular or overlapping regions, the method’s approach to
defining and updating neighborhoods can lead to ambiguities between
base and novel categories. Third, NOPS offers only limited mechanisms
for fusing local geometric information with broader global context,
potentially yielding suboptimal feature representations and confusion
at class boundaries.

These issues with NOPS exemplify fundamental challenges that
persist across existing methods for NCD in 3D semantic segmentation.
The key research questions that emerge revolve around efficiently
processing high-dimensional point cloud data to preserve vital spa-
tial and semantic details and balancing the computational complexity
with the need to retain critical information for novel class discov-
ery. Additionally, the unstructured nature and irregular distribution of
points complicate defining and leveraging local neighborhood struc-
tures, which are essential for improving feature representation. Another
crucial question is how to effectively integrate spatial and semantic
information to enhance the model’s capability for discovering and
learning novel classes within complex 3D environments. Addressing
these research questions is crucial to advancing NCD in 3D semantic
segmentation and expanding the applicability of models to dynamic,
real-world settings.

To address these challenges, a comprehensive deep learning frame-
work is proposed that integrates voxel-based representations with orig-
inal spatial coordinates using an index mapping mechanism. This in-
tegration combines structured voxel formats with detailed spatial in-
formation, maintaining spatial integrity and enabling efficient han-
dling of point clouds. Although existing methods like PV-RCNN (Shi
et al, 2020) and PVCNN (Liu et al.,, 2019) have effectively com-
bined voxel and point-based feature extraction for 3D data analysis,
utilizing the complementary strengths of both representations, our
Voxel-Geometry Data Integration module (VGDI) offers a distinct ap-
proach to point-voxel integration. Differing from PV-RCNN, which
emphasizes keypoint-based proposal refinement, or PV-CNN, which
employs trilinear interpolation for feature extraction balance, VGDI
performs index mapping between voxels and their original spatial coor-
dinates. By extracting voxel features, VGDI enables efficient encoding
of global context and reduces computational complexity. Through its
index mapping mechanism, VGDI ensures that each voxel’s features
remain directly linked to their originating spatial coordinates, thereby
preserving the geometric characteristics of each point and enhancing
the representation of local neighborhoods. This adaptive integration
captures both global structures and local geometric details, mitigating
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interpolation losses and minimizing spatial precision loss due to quan-
tization. VGDI effectively supports downstream processes that require
detailed spatial information and adaptive neighborhood formation.
Voxel features facilitate clustering and attention mechanisms, while
the original spatial coordinates ensure accurate spatial operations like
precise distance calculations and neighbor search, critical for effective
neighborhood formation and proximity-based searches.

Additionally, the proposed method employs a Cluster-based Rep-
resentative Sampling module (CRSM), a Neighborhood Spatial Parti-
tioning module (NSPM), and the Spatial Feature Attention Mechanism
(SFAM). An innovative sampling strategy is introduced in the CRSM,
which significantly reduces computational complexity by identifying
and targeting key representative points within clusters in the high-
dimensional feature space. This strategy focuses on a subset of points
without sacrificing critical information, enhancing the model’s effec-
tiveness in segmenting and learning novel classes. The NSPM utiliz-
ing Proximity Hash Mapping (PHM) is implemented, mapping dense
feature vectors to a lower-dimensional hash space to manage high-
dimensional feature data and segment neighborhoods within point
clouds. This approach organizes and analyzes local geometries and re-
lationships, improving neighborhood searches essential for novel class
discovery. The SFAM is designed, refining the understanding of spatial
relationships by integrating localized feature vectors from neighboring
points with global feature context. This mechanism dynamically adjusts
focus based on spatial proximity and context, effectively extracting
localized and global spatial features, leading to improved segmentation
performance.

In summary, our contributions are as follows:

» A novel framework is proposed that integrates voxel and spatial
coordinates for novel class discovery in 3D semantic segmenta-
tion.

Specialized strategies are further developed to efficiently handle
large-scale, high-dimensional point clouds and facilitate novel
class segmentation. By selectively focusing on key representa-
tive points, computational complexity is reduced while retain-
ing crucial information. Mapping local geometries to a lower-
dimensional hash space is then introduced, which proves par-
ticularly beneficial for organizing sparse or irregular point dis-
tributions and improving neighborhood searches. Furthermore,
local and global features are adaptively integrated to refine spatial
representations. Collectively, these improvements strengthen the
model’s capacity to discover newly emerging semantic categories
in complex 3D environments.

Comprehensive experimental validation is conducted on four
benchmark datasets—S3DIS, Toronto-3D, SemanticSTF, and Se-
manticPOSS. The results demonstrate that the proposed frame-
work outperforms baseline methods in novel class discovery
for 3D semantic segmentation, confirming its effectiveness and
potential for real-world applications.

2. Related work

In the field of novel class discovery, significant advancements have
been made over the years, starting with early solutions that introduced
pairwise similarity predictions and learnable clustering objectives to
enhance cross-domain and cross-task transfer learning (Hsu et al.,
2018). These foundational works paved the way for more sophisti-
cated methodologies, such as modifications to deep embedded clus-
tering (Han et al., 2019), self-supervised learning frameworks (Han
et al.,, 2020), and multi-modal data approaches (Jia et al., 2021).
Recent advancements have introduced various innovative strategies,
including two-branch learning frameworks for visual category discov-
ery (Zhao and Han, 2021), neighborhood contrastive learning (Zhong
et al., 2021a), and unified objectives that streamline the discovery
process and improve model robustness (Fini et al., 2021; Roy et al.,
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2022). Additionally, meta-learning-based approaches (Chi et al., 2022)
and class-incremental frameworks such as FRoST have been developed
to handle the dynamic nature of NCD (Roy et al., 2022). Further contri-
butions to the field include the development of frameworks for specific
challenges, such as leveraging mutual knowledge distillation (Gu et al.,
2023), and implementing new loss functions like Spacing Loss to im-
prove latent space separability (Joseph et al., 2022b). The integration of
these diverse methodologies has led to significant improvements in the
ability to discover and learn novel classes effectively, even in complex
and dynamic environments (Zang et al., 2023; Yang et al., 2023; Li
et al., 2023). This section provides a comprehensive review of these
advancements, highlighting the key contributions and their impact on
the field of novel class discovery.

Hsu et al. (2018) can be considered the first solution to the novel
class discovery problem (Troisemaine et al., 2023). Hsu et al. (2018)
presents a novel approach to transfer learning across domains and tasks
through clustering, focusing on leveraging pairwise similarity informa-
tion. The primary challenge addressed is how to use this similarity
to enhance clustering and unsupervised transfer learning. By introduc-
ing a learnable clustering objective into neural networks, the method
effectively improves cross-domain and cross-task transfer, marking a
significant advancement in transfer learning and providing a robust
framework for further research in clus-tering-based transfer methods.
Building upon the concept of clustering for knowledge transfer, the
study Han et al. (2019) addresses the problem of discovering novel ob-
ject categories in unlabeled images by leveraging known related classes
to reduce clustering ambiguity. The core research question focuses on
how to use prior knowledge to improve the quality of discovered classes
and accurately estimate the number of novel classes in unlabeled data
without explicit labels. The proposed method extends Deep Embed-
ded Clustering (DEC) to a transfer learning framework, introducing
a representational bottleneck, temporal ensembling, and consistency
constraints to improve clustering and representation learning. Fur-
thermore, a novel approach is developed to estimate the number of
classes in unlabeled data by utilizing known classes as probes. This
dual strategy, which combines an enhanced DEC with class number
estimation, effectively enables the discovery and recognition of new
object categories within unlabeled data.

In 2020, Han et al. (2020) introduces the term “Novel Category
Discovery”, which laid the foundation for the novel class discovery
problem (Troisemaine et al., 2023). The main challenge tackled in this
research is identifying novel visual classes from unlabeled data without
introducing bias from labeled data. This study presents a framework to
address this issue using three key strategies: self-supervised learning to
train a general-purpose image representation across both labeled and
unlabeled data; leveraging rank statistics to effectively transfer knowl-
edge for clustering unlabeled images; and a joint objective function that
optimizes both classification and clustering to improve performance
on known and novel classes. Subsequently, Zhao and Han (2021) pro-
poses a dual-branch framework for novel visual category discovery in
unlabeled data by leveraging knowledge transfer from labeled classes.
One branch focuses on local part-level details, while the other captures
global characteristics. The problem addressed is discovering new visual
categories without any labeled instances, a more complex challenge
than conventional semi-supervised learning. Similarly, Jia et al. (2021)
addresses the problem of novel category discovery in single- and multi-
modal data, where the challenge lies in automatically partitioning
unlabeled data from unknown categories into semantic groups us-
ing knowledge from labeled data of different but related categories.
The proposed end-to-end framework jointly learns representations and
clusters unlabeled data, extending contrastive learning with category
discrimination and cross-modal discrimination to handle both labeled
and unlabeled data. By analyzing the difficulty of learning from sparse
labeled data and the need for accurate clustering, it introduces Winner-
Take-All (WTA) hashing to generate pairwise pseudo-labels for more
robust knowledge transfer and clustering.
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In 2021, Zhong et al. (2021a) expands previous research to define
“Novel Class Discovery” as a distinct research area, establishing a
more focused framework for studies in this field (Troisemaine et al.,
2023). Zhong et al. (2021a) tackles the problem of how to effectively
discover novel classes in unlabeled data by leveraging the structure
learned from labeled datasets. Key challenges include ensuring dis-
criminative feature learning for clustering and accurately identifying
positive and hard negative pairs. The research questions center on
how to exploit the neighborhood relationships in the embedding space
to improve pseudo-positive pair selection and how to generate hard
negatives to enhance contrastive learning without misclassifying true
positives. By addressing these, the proposed framework significantly
improves the accuracy of NCD tasks. Complementing this, Fini et al.
(2021) introduces a Unified Objective (UNO) for NCD, addressing the
challenges of combining supervised and unsupervised objectives within
a single framework. It identifies the problem of disparate objective
functions in current NCD approaches and simplifies the process by
treating cluster pseudo-labels in the same way as ground truth labels.
By leveraging a multi-view self-labeling strategy and employing multi-
head and over-clustering techniques, UNO unifies learning on both
labeled and unlabeled data using a single cross-entropy loss, effectively
eliminating the need for multiple objectives and self-supervised pre-
training, thereby improving novel class discovery. Additionally, Zhong
et al. (2021b) introduces OpenMix, a method for NCD by mixing
labeled and unlabeled data from disjoint classes. The main challenge
addressed is leveraging labeled data to discover new classes in un-
labeled data through reliable pseudo-label generation and clustering.
OpenMix employs two strategies: mixing labeled and unlabeled data
to enhance pseudo-label reliability and using reliable anchors to refine
clustering, effectively preventing overfitting on incorrect pseudo-labels
and improving performance.

As a related approach, NCDwF (Joseph et al., 2022a) introduces a
model that incrementally discovers novel classes from unlabeled data
while preserving the accuracy of previously learned categories. The
approach uses pseudo-latent representations to mitigate forgetting and
a mutual-information based regularizer to enhance novel class discov-
ery. NCDwWF analyzes the challenge of balancing between retaining
knowledge of known classes and effectively clustering new, unseen
categories without access to the original labeled data, presenting a
key strategy for overcoming catastrophic forgetting in NCD. Further-
more, Zhao et al. (2022) presents the first approach for NCD in 2D
semantic segmentation, addressing the problem of segmenting novel
classes in unlabeled images using disjoint labeled data. The Entropy-
based Uncertainty Modeling and Self-training (EUMS) framework is
proposed, which utilizes entropy ranking to clean noisy pseudo-labels
and dynamically reassigns data for self-supervised learning. By ef-
fectively analyzing the challenges of noisy pseudo-labels, inaccurate
saliency maps, and the coexistence of multiple novel classes within
an image, the EUMS framework enhances the model’s ability to gen-
eralize to novel classes. This strategy is pivotal for advancing NCD
in complex segmentation scenarios. In another approach, Yang et al.
(2022) addresses the problem of Generalized Novel Class Discovery
(GNCD), where existing methods struggle to generalize across both base
and novel classes. The key challenge is balancing separability between
these sets while maintaining discriminability within them, which is
often overlooked in traditional NCD approaches. To tackle this, the
authors introduce Compositional Experts (ComEx), leveraging batch-
wise and class-wise experts to achieve comprehensive representation
and improved clustering. By focusing on both global-to-local align-
ment and local consistency, the method effectively enhances clustering
performance, offering a robust approach to GNCD.

Moving forward, Zang et al. (2023) addresses challenges in novel
category discovery under open-set domain adaptation (ODA) and uni-
versal domain adaptation (UNDA) settings by introducing a Soft-
contrastive All-in-one Network (SAN). The main problems identified
are view-noise in data augmentation impacting feature transfer and
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Fig. 1. Framework of the proposed network. The proposed network consists of four functional modules: Voxel-Geometry Data Integration module, Cluster-based Representative

Sampling module, Neighborhood Spatial Partitioning module, and Spatial Feature Attention Mechanism. V: Voxelized representation of the point cloud. P: Spatial coordinates
of the original point cloud. M: Mapping function that links voxels to their originating points. D: Enriched dataset combining voxelized data with original spatial details. 7:

High-dimensional feature representation extracted from the enriched dataset. C;: Clusters identified by MiniBatchKMeans. ,: Centroid of each cluster in feature space.

P

rep*

Representative point of each cluster. Hash(F): Feature vectors mapped to a lower-dimensional hash space. m: Number of hash buckets. (FPNP‘F v ): Localized feature vectors of

representative points and their neighbors. N (P,ep, R): Neighborhood points within radius R of the representative point. A,

set integrating localized attention with global features.

overconfidence in novel category classifiers affecting recognition per-
formance. SAN employs Soft Contrastive Learning (SCL) to mitigate
noisy gradients during domain transfer and introduces an All-in-One
(AIO) classifier to provide smoother classification boundaries. By ana-
lyzing these issues, SAN enhances strategies for NCD, focusing on robust
feature alignment and improved category recognition. Furthermore, Gu
et al. (2023) tackles the challenge of learning novel classes without
supervision based on labeled known-class data. Existing methods often
fail to capture the semantic relationship between known and novel
classes, limiting knowledge transfer. To address this, the authors in-
troduce a class-relation representation to retain inter-class relations
during training. The key idea is to prevent information loss in class
relations through a knowledge distillation framework, which utilizes a
learnable weighting function to transfer knowledge adaptively based
on the semantic similarity between novel and known classes, thereby
improving novel class discovery.

Moreover, Yang et al. (2023) investigates the challenge of NCD
in imbalanced data distributions. It analyzes the limitations of exist-
ing NCD methods, which assume a uniform class distribution, and
addresses the research question of how to effectively discover novel
classes without this assumption. The proposed BYOP method iteratively
refines the class prior based on model predictions, improving pseudo-
label accuracy. A dynamic temperature technique refines predictions,
enhancing clustering performance in distribution-agnostic scenarios.
BYOP outperforms current methods across benchmarks, providing ro-
bust solutions for imbalanced NCD. Similarly, Li et al. (2023) explores
NCD by proposing a method to model both inter-class and intra-class
constraints using symmetric Kullback-Leibler divergence (sKLD). A key
issue is the limited use of the disjoint nature between labeled and
unlabeled classes, leading to weak feature separability. Furthermore,
there is a need for more effective regularization to maintain consistency
between samples and their augmentations. The proposed approach
introduces an inter-class sKLD constraint to enhance class separability
and an intra-class sKLD constraint to ensure stable feature learning,
effectively resolving these challenges.
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3. Method
3.1. Motivation

NCD in 3D semantic segmentation presents unique challenges due
to the high dimensionality, unstructured nature, and large volume of
point cloud data. While NCD has seen progress in 2D image classifi-
cation and segmentation, its application to 3D point clouds remains
underdeveloped, primarily due to several intertwined issues. Firstly, the
complexity of high-dimensional data is a major hurdle. Point clouds
often consist of millions of points, each carrying spatial information,
making their processing computationally demanding. Traditional meth-
ods struggle to scale efficiently without compromising spatial and
semantic details crucial for segmentation and novel class detection.
Accurately capturing these aspects is particularly challenging when
novel classes have subtle distinctions.

Furthermore, efficient determination of local neighborhoods and ef-
fective feature representation in high-dimensional spaces are problem-
atic. Standard nearest-neighbor searches are computationally costly,
and ineffective feature representations can hinder the discovery of
novel classes. Processing all points in large point clouds is computation-
ally prohibitive, and indiscriminate downsampling risks losing critical
information. Thus, intelligent sampling strategies are essential to retain
key features while reducing computational overhead. Moreover, real-
world 3D environments are dynamic, with constantly evolving objects
and conditions. Models must adapt to new data distributions and re-
main robust to variations in object appearance and geometry, especially
when labeled data for novel classes is unavailable. This necessitates
methods capable of generalizing to unseen classes and adapting to
changing environments.

To address the challenges of NCD in 3D semantic segmentation, the
following research questions (RQ) are formulated:

RQ1: How can high-dimensional 3D point cloud data be processed
while preserving critical spatial and semantic details necessary for
NCD?

RQ2: What strategies can effectively reduce computational com-
plexity while retaining key information necessary for segmenting novel
classes in large-scale point clouds?
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RQ3: How can local neighborhood structures within point clouds
be identified and utilized to improve feature representation, thereby
enhancing NCD performance?

RQ4: What methods can be developed to effectively integrate spatial
and semantic information, enhancing the model’s capability to identify
and segment novel classes in complex environments?

A comprehensive deep learning framework is proposed to address
these questions, overcoming the challenges associated with NCD in 3D
semantic segmentation, as shown in Fig. 1. The proposed framework
addresses each research question as follows:

+ Preserving Spatial and Semantic Details (RQ1): The framework
leverages voxel-based representations alongside original spatial
coordinates to handle high-dimen-sional point cloud data while
maintaining crucial spatial details for accurate NCD and segmen-
tation.

Balancing Complexity and Information Preservation (RQ2): An in-
novative sampling strategy is introduced to reduce computational
load by focusing on informative regions without losing essential
spatial and semantic features, enhancing the model’s ability to
segment novel classes effectively.

Enhancing Neighborhood Representation (RQ3): The PHM is em-
ployed to identify and utilize neighborhood structures within
point clouds, improving feature representation and supporting
more effective NCD.

Integrating Spatial and Semantic Information (RQ4): A spatial
feature attention mechanism is implemented to integrate both
local and global features, enabling the model to discover novel
classes by synthesizing relevant spatial and semantic contexts.

3.2. Voxel-geometry data integration

In the approach to 3D point cloud semantic segmentation, we
present a novel methodology termed Voxel-Geometry Data Integration
module (VGDI) that combines voxelized representations with original
spatial coordinates. This method maintains the intricate spatial details
inherent in the original point cloud while providing a structured voxel
format that facilitates accurate segmentation. The dual-representation
mechanism is essential for achieving precise segmentation, particularly
in scenarios involving the discovery of novel classes.

Given a point cloud P = {pi}ijil’ where each point p; = (x;,y,,2;) €
R3, our goal is to process P in a manner that maintains its spatial
integrity while rendering it amenable to computational models. To this
end, we define a dual-mapping mechanism that involves the transfor-
mation of P into a voxelized representation V and the preservation of
original point coordinates through a mapping M.

The process begins with a voxelization function, f,,,, which aggre-
gates the point cloud P into a structured voxel grid ¥, where each voxel
v; € V encapsulates a subset of points 7; C P within a predefined
volumetric unit 6%, formalized as:

V= fix (P). )

To bridge the voxelized representation and the point cloud’s original
spatial framework, we establish a bijective mapping M that links each
voxel v; to its originating subset of points P;, preserving and exploiting
detailed spatial information crucial for segmentation accuracy:

(2)

The integration of voxelized data with original spatial coordinates
is orchestrated through an integration function, f;,,, which synthesizes
the information from both ¥V and M, preparing the enriched dataset,
D, for segmentation:

M
M:V e {pj}j=1'

Sine WV, M) =D, 3

where D encompasses the enriched voxelized representations inte-
grated with original spatial details, providing a structured and detailed
input for the segmentation model.
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Upon obtaining the enriched dataset D, the next critical step in-
volves the extraction of features conducive to segmentation. This is
achieved through the MinkowskiNet model (Choy et al., 2019), a
widely recognized and well-established method for voxel-based feature
extraction (Riz et al., 2023). It employs sparse tensor operations to
efficiently handle the high dimensionality and sparsity of 3D point
clouds, allowing for accurate and comprehensive capture of spatial
and semantic details. Additionally, MinkowskiNet employs specialized
Minkowski convolution layers to efficiently handle sparse tensors, sig-
nificantly reducing memory overhead in the voxel space while preserv-
ing voxel continuity and the ability to model global context. Compared
to conventional 3D convolutional networks, Minkowski convolutions
focus computational resources on non-empty voxels in sparse scenarios,
thereby avoiding the redundant overhead caused by the abundance
of empty voxels. This design leads to higher efficiency and superior
accuracy in large-scale 3D scene processing. The official implemen-
tation also integrates optimized GPU kernels, enabling faster training
and inference. These advantages have earned MinkowskiNet broad
recognition and adoption for various indoor and outdoor 3D semantic
segmentation tasks. In our framework, the use of MinkowskiNet further
enhances high-dimensional feature representation and facilitates the
precise discovery and segmentation of novel classes in large-scale,
sparsely distributed point cloud scenes. The model processes the dataset
D to output a high-dimensional feature representation for each voxel,
enhancing the segmentation task:

C)

where f; € R? denotes the feature vector associated with the ith
element in D, and N is the number of points.

F = MinkowskiNet(D) = { ;} .

3.3. Cluster-based representative sampling

The Cluster-based Representative Sampling module (CRSM) is inte-
gral for organizing complex spatial information into a comprehensible
format for analysis. Utilizing features extracted via the MinkowskiNet
model, this module categorizes the voluminous point cloud data into
clusters and identifies representative points that epitomize the essential
characteristics of each cluster.

The clustering phase organizes these points into k groups based on
their feature similarities. This organization is achie-ved through the
MiniBatchKMeans algorithm, expressed mathematically as:

C;,C,, ..., C, = MiniBatchKMeans(F, k), 5)

where C, denotes the set of indices of points belonging to the kth
cluster. For each cluster C,, we compute its centroid y, in the feature
space, which represents the average of the features within the cluster:

1
=m2fi,

i€Cy

Hi ©
where |C,| is the number of points in C;. The representative point for
each cluster, Prep, s then selected as the one whose feature vector
is nearest to the centroid, minimizing the Euclidean distance to the
centroid:

)

Prp = argmin Ilfi = mecll -
ieCy

This process results in a succinct representation of the point cloud
through representative points, each symbolizing the core features of
its respective cluster. This selection is pivotal for capturing the nu-
anced distinctions across various segments of the point cloud, thereby
facilitating a focused examination of critical areas.

In summary, the CRSM streamlines the segmentation process by effi-
ciently delineating point cloud data into distinct clusters and pinpoint-
ing representative points within each cluster. This technique enhances
the segmentation model’s precision by focusing on localized spatial
patterns and crucial structural elements of the point cloud. By balancing
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Hash Function

h(f)=f;-WT

\ Modulus Operation
I bucket(f;) = |(h(f;) + m) mod m]

Bucket 0

Bucket 1

bucket(f3)

Fig. 2. Illustration of the Proximity Hash Mapping (PHM) process. High-dimensional feature vectors f; are projected using the hash function A(f;) = f;- W', resulting in real-valued
hash outputs h(f;). The modulus operation maps these values into discrete bucket indices bucket(f;). The computation steps show how each feature vector is assigned to a bucket
based on its bucket index. In this example, f, and f; are assigned to Bucket 0, while f, is assigned to Bucket 1, demonstrating how similar features are grouped together for

efficient neighbor retrieval.

computational efficiency with the retention of essential spatial details,
this approach simplifies the complexity of point cloud data while pre-
serving its inherent semantic value. These representative points capture
each cluster’s distinguishing features and serve as reference points for
understanding localized spatial patterns. By systematically clustering
and focusing on these representatives, the model efficiently captures
the intricate details and nuances present across different point cloud
regions.

3.4. Neighborhood spatial partitioning

The Neighborhood Spatial Partitioning module (NSPM) is pivotal for
dissecting and analyzing the spatial relationships within the data, em-
phasizing the segmentation of local neighborhoods around designated
representative points. The NSPM commences with the application of
PHM to the feature space extracted from the point cloud. PHM serves as
an effective strategy for managing high-dimensional data, rendering it
exceptionally beneficial for the segmentation of neighborhoods within
point clouds.

In this implementation, the hash function & is constructed using
random projection matrices. Specifically, we initialize k random hash
functions represented by a matrix W € R where d is the dimen-
sionality of the feature vectors. Each feature vector f; is projected onto
these hash functions to obtain hash values:

h(f)=f;-WT, ®)

where A(f;) € R is a vector of real numbers resulting from the dot
product between the feature vector f; and the transpose of the hash
function matrix W. To map these real-valued hash values to discrete
hash buckets, we apply the modulus operation, which is well-defined
for real numbers and returns the remainder after division. The hash
bucket for each feature vector is computed as:

bucket(f,) = | (h(/;) + m) mod m| ©

where m is the number of buckets, and the addition of m ensures that
the hash values are non-negative. The modulus operation mod m is
applied element-wise to h(f;)+m, resulting in a vector within the range
[0, m). The floor operation |-| converts these real numbers into integer
bucket indices. The modulus operation for real numbers is defined as:

(10)

a
amodm:a—m-{—J,
m

which ensures the result lies in the interval [0, m). This definition allows

the modulus operation to be applied to real numbers, making it suitable

for our hashing process. The process is governed by:
N

Hash(F) = U bucket(f,),

i=1

1D

where Hash(F) represents the aggregation of all hash buckets con-
taining the feature vectors f;. The index variable i iterates over each
point in the sequence, ranging from 1 to N, where N represents the
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total number of points in the point cloud. The union operation (| J)
aggregates all such hash buckets, ensuring a comprehensive coverage
of the feature space.

This hashing mechanism efficiently reduces the high-dimensional
feature space into a lower-dimensional representation, allowing for
rapid retrieval of neighboring points. By using random projections, sim-
ilar feature vectors are likely to produce similar hash values, increasing
the probability that they reside in the same or nearby buckets.

As illustrated in Fig. 2, the PHM process begins with high-
dimensional feature vectors f,, f,, and f;. These vectors are input
into the hash function 2 to obtain real-valued hash outputs A(f;).
The modulus operation is then applied to map these hash values into
discrete bucket indices bucket(f;). Following this, each feature vector
f; is assigned to the corresponding hash bucket based on the computed
bucket index. The detailed computation steps and formulas demon-
strate how the feature vectors are effectively grouped through the
hashing function and modulus operation, facilitating efficient neighbor
retrieval within the feature space.

Following the PHM application, for each cluster identified in the
preceding clustering phase, a representative point Py, is selected based
on its proximity to the cluster’s centroid. This selection is crucial for
accurately reflecting the spatial characteristics of the cluster. The radius
R surrounding P, is dynamically computed to define the local neigh-
borhood, which is adapted according to the spatial distribution within
the cluster. The calculation of this radius is critical for encompassing
neighboring points and is defined by:

R=7"prep: 12

where y serves as a scaling factor, adjusting the neighborhood size to
accommodate the spatial variability within the cluster. Here, p, is
the range value obtained from the feature vectors, specifically for the
representative point, determined through network training.

The subsequent step involves identifying neighboring points within
the radius of each representative point. Utilizing the hash buckets from
the PHM, we efficiently retrieve candidate neighboring points. For
each representative point, we examine the buckets corresponding to
its hash codes and collect indices of points within those buckets. This
significantly reduces the search space compared to evaluating all points
in the dataset.

The selection of neighboring points N is governed by their spatial
proximity to the representative point P.,. A key aspect here is the
utilization of the original spatial coordinates from the point cloud to
calculate distances. Neighbors are determined based on a threshold
distance from the representative point, ensuring spatial relevance and
precision. This identification is encapsulated as:

=5,
2

where N (Prep ,R) denotes the set of points within a radius R from a
representative point Py, indicating the neighborhood of interest. Here,
P,p, is the selected representative point for a cluster, chosen to best
represent its spatial features. The radius R defines the extent of the

N (Preps R) = {1, €P | ) = Prep as)
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neighborhood, enclosing points p from the overall point cloud P that lie
within this spatial boundary. The inclusion criterion |[p — Py ” <R,
utilizing the Euclidean distance, ensures that only points within R of
P, are considered for neighborhood analysis. This mechanism focuses
on analyzing local geometries and spatial relationships by establishing a
precisely defined area around representative points, thereby facilitating
the detailed exploration of local patterns crucial for high-precision
segmentation tasks.

By leveraging the hash buckets to limit the set of candidate points
and then applying a distance threshold, we efficiently identify spa-
tially relevant neighbors for each representative point. This two-step
process — hash-based filtering followed by precise distance computa
tion — balances computational complexity with accuracy in neighbor-
hood formation. This proximity-based approach is pivotal in main-
taining contextual accuracy and ensuring that only spatially relevant
points are considered for neighborhood formation. By focusing on
representative points and their respective neighborhoods, this method
enables a detailed analysis of local geometries and relationships within
the point cloud. It captures local variations and patterns crucial for
high-precision segmentation tasks and reduces computational complex-
ity by concentrating on key spatial areas rather than processing the
entire point cloud uniformly. In summary, the NSPM utilizes PHM to
efficiently partition the feature space and identify spatially relevant
neighborhoods around representative points. This approach effectively
addresses the challenges of managing high-dimensional data and com-
putational complexity, enhancing the model’s ability to discern com-
plex spatial structures and discover novel classes within 3D point cloud
data.

3.5. Spatial feature attention mechanism

The Spatial Feature Attention Mechanism module (SFAM) refines
the understanding of spatial relationships within the data. It lever-
ages the outcomes of NSPM, emphasizing significant spatial patterns
through an attention-based process. This module integrates localized
feature vectors derived from neighboring points identified in the pre-
vious module. The representative points, central to each cluster, and
their neighboring points’ features form the basis of this process. These
features are then subjected to a specialized attention mechanism, de-
signed to discern and emphasize significant spatial patterns within
these localized segments. This module underscores the importance of
localized spatial relationships and mitigates computational complexity
by focusing attention on a subset of points rather than the entire point
cloud.

The SFAM leverages a multi-head attention mechanism that oper-
ates on the principle of selectively aggregating information from the
neighboring points of each cluster’s representative point. The process
begins with linear transformations of the feature vectors for the rep-
resentative point P,,, and its neighbors A/, generating query Q, key
K, and value V vectors. The attention scores are computed as the dot
product between Q and K, normalized through a softmax function to
derive attention weights a. These weights are then used to calculate
a weighted sum of the value vectors, producing an attention vector A
that encapsulates the synthesized neighborhood information.

Mathematically, the transformation and attention computation can
be expressed as follows:

Q=W9.Fp, K=WK.F,v=wV.F,,

rep

(14)

where W2, WK, and WV represent the weight matrices for the query,
key, and value vectors, respectively, and Fprep ,F) are the feature
vectors of the representative point and its neighbors.

The attention scores are calculated by the dot product of Q and
K, followed by a softmax normalization to produce attention weights
a, which are then used to compute a weighted sum of the value
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vectors, yielding an attention vector A that encapsulates combined
neighborhood information:

T

a = Softmax ( ?/K_ ) s (15)
dy

A=aV, (16)

where d, is the dimensionality of the key vectors, ensuring the attention
scores’ stability across varying scales. O and K are the transformed fea-
ture vectors for the representative point and its neighbors, facilitating
the computation of attention scores. a denotes the attention weights,
determining the significance of each neighbor’s features relative to Prep.
A is the attention vector, representing the aggregated information from
P, and its neighborhood, enhanced by the attention mechanism.
Next, the attention vector A e for each cluster is computed by
averaging the attention results across the feature dimension for the

cluster’s representative point and its neighbors:

d
Alluster = % Z] A a7n
i

where d is the feature dimension, and A; denotes the ith feature in the
attention result for the cluster.

The computed attention vector A user iS then distributed to all
points within the cluster, ensuring that the localized attention effect
permeates the entire cluster:

Fupdated = FCk + Acluster - 18)

where F,q.eq T€presents the updated feature vector for each point
in the cluster, incorporating both the original features 7, and the
attention vector A ;- The final step involves merging the local-
ized attention features with global spatial features extracted from the
dataset, culminating in an enriched feature set Fg .

Ffina = Fglobal © Fupdated > 19

where @ signifies the fusion operation, and Fgp,, represents global
features F extracted at an earlier stage of the pipeline.

In summary, the SFAM operates by applying linear transformations
to the features of the representative point and its neighbors. The trans-
formed features are then partitioned into multiple heads, allowing the
model to process information in parallel, thereby capturing different
aspects of the spatial relationships in the data. The attention mecha-
nism computes scores by performing a dot product between the query
(features of the representative point) and keys (features of neighboring
points). These scores are then normalized using the softmax function,
resulting in attention weights. These weights represent the significance
of each neighboring point’s features in relation to the representative
point. The attention weights are used to compute a weighted sum of
the value vectors, producing an attention vector for each representative
point. This vector encapsulates aggregated spatial information of the
representative point and its neighborhood. A critical aspect of this
module is the propagation of attention across all points within each
cluster. The attention vector computed for each cluster’s representative
point is distributed to all points within that cluster. This distribution en-
sures that the localized attention influences the entire cluster, enriching
the feature representation with both local and global spatial contexts.
The final step in this module involves the fusion of localized attention
vectors with the global features extracted earlier in the pipeline. This
fusion results in a comprehensive feature set that incorporates both
localized attention and broader spatial context, enhancing the model’s
ability to perform detailed segmentation.

4. Experiments
4.1. Datasets
The S3DIS dataset (Armeni et al., 2016) includes detailed 3D point

clouds of five extensive indoor areas from three different buildings, of-
fering a diverse exploration into architectural styles and functionalities.
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These areas encompass office spaces, educational facilities, exhibition
halls, and various common areas such as lobbies, staircases, and re-
strooms. Altogether, the S3DIS dataset comprises over 215 million
points and extends across more than 6000 square meters. The spaces
covered range in size from approximately 450 to 1900 square meters,
with some environments spanning multiple floors, offering a compre-
hensive view of indoor architectural diversity. It also introduces a
fine-grained classification of 13 semantic elements, including structural
components like ceilings, floors, and walls, as well as common fur-
nishings such as tables, chairs, and sofas. This level of detail enables
its application to 3D indoor space understanding, indoor navigation,
architectural design, and virtual environment creation.

The Toronto-3D dataset (Tan et al., 2020) is a large-scale urban
outdoor point cloud dataset designed for semantic segmentation of
urban roadways. It was collected in Toronto, Canada, using a Mobile
Laser Scanning (MLS) system. The dataset encompasses approximately
1 km of urban roadways, with a total of about 78.3 million points.
It includes 8 labeled object classes for detailed analysis — road, road
marking, natural (excluding grass and bare soil), building, utility line,
pole, car, and fence, plus an additional class for unclassified points. By
providing a detailed and accurately labeled dataset, Toronto-3D offers
a valuable resource for developing and testing deep learning models in
real-world urban scene understanding.

The SemanticSTF dataset (Xiao et al., 2023) is a large-scale, point-
wise annotated dataset designed for 3D semantic segmentation under
various adverse weather conditions. It leverages the STF (Bijelic et al.,
2020) benchmark, collected in Germany, Sweden, Denmark, and Fin-
land, capturing LiDAR scans in conditions such as snow, dense fog,
light fog, and rain. The dataset includes 2076 scans from a Velodyne
HDL64 S3D LiDAR sensor, carefully selected for geographical diversity
and split into 1326 training scans, 250 validation scans, and 500 testing
scans.

The SemanticPOSS dataset (Pan et al., 2020) is a comprehensive Li-
DAR point cloud dataset designed for 3D semantic segmentation tasks.
It is collected using a vehicle equipped with a Pandora sensor module,
integrating a 40-channel LiDAR with 0.33-degree vertical resolution, a
forward-facing color camera, four wide-angle mono cameras for 360-
degree coverage, and GPS/IMU for precise localization and annotation
support. The SemanticPOSS dataset contains 2988 LiDAR scans, offer-
ing a comprehensive view of various and complex environments. These
scans were meticulously gathered around Peking University, providing
a real-world backdrop that includes teaching buildings, school gates,
main roads, parking lots, and dynamic interactions with pedestrians
and vehicles. Unlike many existing datasets, SemanticPOSS emphasizes
the inclusion of a large number of dynamic instances, such as people,
cars, and riders. This focus is crucial for autonomous driving systems,
which must accurately detect and interact with moving objects in their
vicinity.

In summary, we include one large-scale indoor dataset (S3DIS) and
three outdoor datasets (Toronto-3D, SemanticSTF, and SemanticPOSS)
to ensure thorough evaluation under diverse real-world conditions
and scene complexities. S3DIS provides a rich indoor environment
with cluttered office spaces and distinct architectural elements, effec-
tively testing our framework’s ability to handle fine-grained, structured
interiors. Meanwhile, the three outdoor datasets differ markedly in geo-
graphic scale, weather conditions, and object distributions: Toronto-3D
spans broad urban road networks and building facades; SemanticSTF
encompasses various regional settings and challenging weather scenar-
ios (fog, rain, snow); and SemanticPOSS offers dynamic interactions
with large numbers of vehicles and pedestrians. By covering these dif-
ferent outdoor contexts, we can verify whether our method generalizes
to both urban and non-urban settings, distinct sensor modalities, and
a diverse array of object classes. Examining performance across these
indoor-outdoor scenarios further highlights the framework’s scalability
and robustness to varying spatial densities, environmental conditions,
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Fig. 3. Histograms illustrating the number of points for each class on the S3DIS dataset.
The assigned color indicates the class is regarded as novel in the corresponding split.

and novel classes in structured (indoor) as well as unstructured (out-
door) domains. This balanced set of four benchmarks aims not only to
demonstrate overall accuracy but also to showcase the model’s adapt-
ability and broader applicability for NCD in real-world 3D semantic
segmentation tasks.

4.2. Dataset preparation

For the S3DIS dataset, we adhere to the widely-used convention of
using Area-5 as the test set and the remaining areas as the training set.
For the Toronto-3D dataset, we follow its standard splitting guideline
by using the LO02 area as the test set, while L001, L003, and L004 are
used as the training set. Considering that each file in the Toronto-3D
dataset contains tens of millions of points, we partition the dataset into
fixed subsets of 100,000 points each. If a subset initially contains points
from only one label, we extend its range by adding exactly 100,000
more points at a time until multiple labels are represented. If the final
subset contains fewer than 100,000 points or consists of only a single
label, it is merged with the previous subset to maintain label diversity
and size consistency. This preprocessing step ensures balanced and
manageable data splits for efficient training and evaluation. Both the
with offset and without offset versions of the Toronto-3D dataset were
processed using the same splitting and preprocessing steps outlined
above. For the SemanticSTF dataset, we follow the official guidelines
for splitting the training set. Since the test set does not provide labels,
we use the validation set as our test set. Additionally, as the Seman-
ticSTF dataset includes different weather conditions (dense fog, light
fog, rain, and snow), we split the training data into four groups, where
each group contains only the training data corresponding to a single
weather condition. In contrast, the test set is kept as a single group
that includes all weather conditions without further subdivision. For
the SemanticPOSS dataset, we adhere to the official splitting guidelines,
dividing the data into six parts. To remain consistent with NOPS, we
use part 03 as the test set and the remaining parts as the training set.

To divide base and novel classes, we first calculate the proportion of
points for each class in the dataset. All classes are sorted in descending
order based on these proportions, ensuring that classes with higher pro-
portions of points are prioritized. To maintain consistency and fairness
in comparison, we follow a standardized division criterion in line with
prior work (Riz et al., 2023). The sorted classes are then divided into
four groups as evenly as possible. Specifically, the number of classes in
each group is determined to be roughly equal, and if the classes cannot
be perfectly evenly divided, the excess classes are distributed among the
initial groups to maintain balance. For each experimental arrangement,
one of these groups is designated as the novel class group, while the
remaining three groups form the base class group. This ensures that
the novel classes are balanced across different splits. Figs. 3, 4, 5, and
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Table 1
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Novel class discovery results on the S3DIS dataset (%). Pink highlighted values are the novel classes in each split. “Novel” denotes the mIoU of novel classes, “Base” indicates the

mloU of non-novel classes, and “All” shows the mloU of all classes.

Split Model ceiling floor wall beam column window door table chair sofa bookcase board clutter Novel Base All
S3DIS-4° NOPS 43.35 65.45 25.72 0.00 24.92 17.56 57.39 65.42 72.74 49.56 60.24 7.66 14.49 37.25 39.50 38.81
Ours 78.75 63.92 36.84 0.00 31.26 28.07 54.11 67.07 80.40 41.76 60.75 10.73 4.08 45.90 41.57 42.90
S3DIS-3! NOPS 86.99 93.03 67.32 0.00 32.65 23.52 17.39 70.42 43.24 35.12 33.97 20.15 42.07 31.53 47.13 43.53
Ours 85.61 93.36 66.61 0.00 31.01 28.43 35.74 69.92 68.26 30.04 50.38 12.89 42.28 51.46 46.02 47.27
S3DIS-3? NOPS 85.50 92.99 68.01 0.00 10.06 15.37 57.10 53.23 76.50 39.21 62.86 15.43 42.56 26.22 54.02 47.60
Ours 86.63 93.42 66.01 0.00 10.14 11.05 57.59 64.73 81.44 33.61 62.70 13.61 44.29 28.64 53.93 48.09
S3DIS-33 NOPS 87.97 93.72 67.41 0.10 27.76 22.20 57.88 66.48 75.89 22.30 58.94 6.01 40.77 9.47 59.90 48.26
Ours 87.68 92.80 65.67 0.00 38.85 31.18 58.00 69.84 78.83 29.79 65.27 6.86 41.42 12.22 62.95 51.25
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Fig. 4. Histograms illustrating the number of points for each class on the Toronto-3D
dataset. The assigned color indicates the class is regarded as novel in the corresponding
split.
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Fig. 5. Histograms illustrating the number of points for each class on the SemanticSTF
dataset. The assigned color indicates the class is regarded as novel in the corresponding
split.

6 correspond to the four datasets — S3DIS, Toronto-3D, SemanticSTF,
and SemanticPOSS - respectively, illustrating the distribution of points
for each class and highlighting the novel classes in the corresponding
split.

4.3. Experimental setup

In the experimental setup, we use a learning rate of le-2, a voxel
size of 0.05, downsampling to 60,000 points per point cloud file, and a
batch size of 4 across all datasets. We train for 500 epochs on the S3DIS
and Toronto-3D datasets, and 100 epochs on the SemanticSTF dataset.
These settings align with the baseline NOPS to ensure fair comparison.

4.4. Evaluation metrics

In this study, we use Intersection over Union (IoU) and mloU as
evaluation metrics for point cloud semantic segmentation. We evaluate
the IoU for each class and compute the mIoU for novel classes, base
classes, and all classes, as shown in Tables 1, 2, 3, and 4.
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Fig. 6. Histograms illustrating the number of points for each class on the SemanticPOSS
dataset. The assigned color indicates the class is regarded as novel in the corresponding
split.

The IoU measures the overlap between the predicted segmentation

and the ground truth segmentation. Mathematically, it is expressed as:

[P NGy
IoU; P UG, (20)
where P, represents the set of points predicted to belong to class i, and
G, represents the set of points in the ground truth that actually belong
to class i.

In addition to evaluating the IoU for each class, we also calculate the
mloU for different subsets of classes to provide a comprehensive assess-
ment. Specifically, we compute the mIoU for novel classes (mIoUygye)s
base classes (mIoUg,,.), and all classes (mIoU,;;). These are defined as
follows:

N
1
mloUgvel = Y 10U,

@1n
é’:l
mloUg,e = % z IoU,, (22)
1 &
mloUpy; = Y ToU,, (23)
i=1

where N is the number of novel classes, B is the number of base
classes, and C is the total number of classes, including both base and
novel, and IoU;, IoUy, IoU; are the IoU of the respective classes. These
metrics provide a comprehensive evaluation of our method, reflecting
its performance across different class subsets.

4.5. Evaluation and visualization results on S3DIS

We evaluate our framework using a detailed experimental protocol
for 3D novel class discovery. Following the guidelines set by NOPS, the
first method to apply NCD to 3D point cloud semantic segmentation, we
adopt similar criteria for creating dataset splits. Currently, NOPS is the
only publicly available method for 3D NCD, making it a key baseline
for comparison.

The results presented in Table 1 demonstrate our framework’s su-
perior performance on the S3DIS dataset compared to NOPS across
various splits, particularly in segmenting novel classes. In the S3DIS-4°
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Table 2
Novel class discovery results on the Toronto-3D dataset without offset (%).
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Pink highlighted values are the novel classes in each split. “Novel” denotes

the mloU of novel classes, “Base” indicates the mIoU of non-novel classes, and “All” shows the mloU of all classes.

Split Model road road marking  natural  building  utility line pole car fence Novel Base All
Toronto-3D-2 NOPS 52.71 8.32 85.08 56.48 32.59 4410 45.11 2397 54.60 39.86  43.55
Ours 74.50 7.90 89.33 60.33 48.51 49.87 55.22  16.23 67.41 44.51 50.24
Toronto-3D-2! NOPS 77.74 14.06 46.84 61.97 45.27 53.12  15.95 19.27 31.40 45.24  41.78
Ours 85.67 7.90 56.03 65.02 61.49 61.38 4.68 21.05 30.36 50.42  45.40
Toronto-3D-22 NOPS 74.88 9.66 86.41 61.43 30.84 55.56 51.90 23.15 32.61 54.77  49.23
Ours 84.93 9.56 88.94 64.05 50.66 55.07 47.75 21.26 32.32 59.60 52.78
Toronto-3D-23 NOPS 77.22 14.84 86.65 59.01 34.28 54.22 51.29 14.47 24.38 57.21  49.00
Ours 86.39 9.81 88.10 62.14 38.65 52.01 51.28 11.34 25.00 58.29  49.97
Table 3
Novel class discovery results on the SemanticSTF dataset (%). Pink highlighted values are the novel classes in each split. “Novel” denotes the mIoU of novel classes, “Base”
indicates the mloU of non-novel classes, and “All” slﬂl)ows the mlIoU of all classes. -
v ] g g
S g % 5 8 £ ] 9 2 £ g 3 g g | K o £
split Model § 2 g £ 3 g 2 g g g k] 3 2 & ¢ g g 2 g Novel Base  All
SomanticsTr.s0 | NOPS | 6677 1718 1002 2873 2125 4533 5713 1159 4740 1977 1357 2023 2357 4101 2180 1902 2454 2979 3295 | 2617 3070 2951
Ours | 5938 2370 1400 37.31 3564 4322 6102 2210 6065 23.04 1333 2301 2668 4242 2373 2302 2366 2811 3500 | 29.61 33.64 3258
SemanticSTE-5' NOPS 30.41 23.06 9.62 31.74 26.72 46.43 53.82 11.14 7717 12.38 46.20 5.24 65.34 30.40 67.84 4.99 59.29 36.39 32.97 16.68 41.98 35.32
Ours | 2089 3164 1362 3832 3355 4825 6233 1866 7877 1146 4925 007 6937 3704 6052 550 5710 3877 3768 | 1679 4556  37.99
SemanticSTF-5 NOPS 68.31 22.51 20.73 15.87 0.48 13.72 41.92 11.86 78.55 21.71 47.78 25.91 63.45 47.53 66.85 28.45 60.06 24.92 14.80 13.96 43.26 35.56
Ours | 68.96 3238 1461 1294  1.04 1229 64.36 2289 79.62 24.35 50.52 28.65 71.54 4816 6240 30.96 57.64 2543 1430 | 1320 4693  38.05
SemanticSTF4° NOPS 71.95 12.47 0.00 30.36 27.94 48.46 18.63 8.17 78.48 21.36 48.93 23.83 67.57 49.53 65.99 26.92 59.34 40.86 39.05 9.82 46.70 38.94
Ours 70.30 16.15 5.59 34.74 34.05 50.71 22.10 8.04 80.62 24.61 51.28 30.31 72.79 49.08 60.91 29.67 59.58 35.31 38.71 12.97 48.18 40.77

Table 4

Novel class discovery results on the SemanticPOSS dataset (%). Pink highlighted values are the novel classes in each split.

indicates the mloU of non-novel classes, and “All” shows the mloU of all classes.

“Novel” denotes the mIoU of novel classes, “Base”

s 5
s = s g - % = . 5 £ 2 %
Split Model E 2 E § Q‘i : & % g E g £ g Novel Base All
SemanticPOSS-4? NOPS 35.47 30.35 1.24 13.52 24.13 69.14 44.70 42.07 19.19 47.65 24.44 8.17 21.82 35.70 26.57 29.38
Ours 42.44 54.83 1.67 17.59 32.20 58.33 44.51 59.90 25.98 42.33 25.73 4.56 20.32 43.68 28.41 33.11
SemanticPOSS-3! NOPS 29.35 71.35 28.70 12.21 3.94 78.24 56.78 74.21 18.29 38.88 23.31 13.74 23.51 30.02 38.24 36.35
Ours 8.36 77.48 35.07 28.55 23.54 78.73 44.09 76.68 18.19 45.69 25.08 4.42 20.33 25.33 41.02 37.40
SemanticPOSS-32 NOPS 37.16 71.81 29.74 14.64 28.38 77.53 52.09 73.00 11.51 47.11 0.54 10.20 14.79 8.95 44.17 36.04
Ours 43.03 78.32 33.36 24.32 36.76 76.83 55.81 76.62 9.61 50.13 3.87 6.57 17.43 10.30 48.18 39.44
SemanticPOSS-3 NOPS 38.55 70.36 30.91 0.00 29.38 76.50 55.98 71.84 17.03 31.87 26.15 0.95 22.57 10.94 43.93 36.32
Ours 38.72 75.49 31.80 13.66 29.94 77.84 54.83 74.53 18.23 32.39 30.52 1.69 23.61 15.91 45.55 38.71

split, our method achieves an IoU of 78.75% for the novel ceiling class,
significantly surpassing the 43.35% IoU achieved by NOPS. Addition-
ally, our approach yields a higher IoU for the novel wall class, with
36.84% compared to NOPS’s 25.72%. For this split, our method attains
an mloU of 45.90% for novel classes, improving upon NOPS’s 37.25%,
and an mIoU of 42.90% across all classes, indicating a balanced perfor-
mance across both novel and base classes.

In the S3DIS-3! split, substantial improvements are demonstrated
in novel classes such as chair, where our framework achieves an
IoU of 68.26%, 25.02% higher than the 43.24% obtained by NOPS.
Similarly, for the door and bookcase classes, our approach reaches
35.74% and 50.38% IoU, respectively, significantly higher than NOPS’s
performance. For this split, our method achieves an mIoU of 51.46% for
novel classes, compared to NOPS’s 31.53%. The mloU for base classes
and all classes are 46.02% and 47.27%, respectively, indicating a
consistent and well-rounded segmentation performance across different
classes.

In the S3DIS-3? split, our framework consistently outperforms NOPS,
achieving higher IoU scores for novel classes such as column (10.14%)
and table (64.73%), compared to NOPS’s scores of 10.06% and 53.23%,
respectively. This results in an mIoU of 28.64% for novel classes in this
split, slightly exceeding NOPS’s 26.22%. In the S3DIS-3* split, which
includes challenging classes such as beam, sofa, and board as novel
classes, our framework achieves an IoU of 29.79% for sofa, outper-
forming NOPS by 7.49%. This enhanced performance is also reflected
in the mloU for novel classes, which reaches 12.22%, compared to
NOPS’s 9.47%. Overall, our framework consistently achieves higher
mloU scores across novel, base, and all classes than NOPS, highlighting
its robustness and adaptability in accurately segmenting both familiar
and novel classes in complex 3D environments.

The significant improvements in novel class segmentation can be
attributed to the innovative modules integrated into our framework.
The VGDI combines voxelized data with original spatial coordinates,
preserving fine spatial details. The CRSM identifies key representative
points within each cluster, enabling the model to capture and utilize
localized spatial patterns effectively. The NSPM uses locality-sensitive
hashing for precise and efficient spatial analysis. Finally, the SFAM em-
ploys multi-head attention to synthesize localized and global features,
improving the model’s ability to discern and segment novel classes.

While our approach demonstrates substantial improvements over
the existing method, there are notable limitations and potential failure
cases that warrant discussion. In certain classes, our method under-
performs. For instance, in the S3DIS-4° split, our method achieves
only 4.08% IoU for the clutter class. Similarly, in the S3DIS-3! split,
the proposed method achieves just 12.89% IoU for the board class.
Additionally, across all four splits, the beam class consistently achieves
0.00% IoU, similar to NOPS. These lower performances underscore the
challenges in accurately segmenting classes that are highly irregular,
sparsely represented, or easily confused due to similar shapes and
proximity in many scenes. Furthermore, in certain scenes of the S3DIS
dataset, the proposed method shows lower IoU than NOPS for some
base classes. For example, in the S3DIS-3! split, our method attains
an mloU of 46.02% for base classes, compared to 47.13% for NOPS;
similarly, in the S3DIS-32 split, our method achieves an mIoU of 53.93%
for base classes, whereas NOPS reaches 54.02%.

Several underlying factors contribute to these discrepancies. First,
while relying on voxelization preserves large-scale spatial information,
it can still lose some fine-grained details of small or thin structures,
adversely affecting classes with slender shapes or complex boundaries.
This limitation may disproportionately affect certain base classes in
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Fig. 7. Segmentation results on the S3DIS-4° split. (a) Ground truth, (b) NOPS, (¢) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent different
semantic classes as indicated by the legend. In images (d-e), red represents segmentation errors, while green indicates correct segmentation. Zoom-in views are provided to highlight
specific detailed areas. It can be observed that NOPS missegments parts of the ceiling as floor, wall as clutter, and board as wall. Our method shows improvements in these areas,

although some board segments are still incorrectly identified as wall.

indoor scenes. Second, the CRSM module emphasizes finding repre-
sentative points that capture the most distinguishing features for novel
class discovery. This design can inadvertently reduce coverage of sub-
tle variations within some base classes—especially those that appear
infrequently or share large, uniform surfaces (e.g., walls, boards) with
minimal texture cues. Third, some base classes in S3DIS appear adjacent
or partially occluded. For example, sofas are often placed near walls,
creating ambiguous boundaries that can hinder feature discrimination.
Consequently, the method’s clustering step may group certain points of
the base classes suboptimally in these configurations.

These limitations highlight areas for future research and optimiza-
tion. Future work could address these issues by exploring more adaptive
sampling strategies that jointly consider both base and novel class
distributions, which may help strike a better balance between captur-
ing novel class features and maintaining robust performance on base
classes. Additionally, adopting more granular voxelization for small or
thin structures, refining the clustering mechanism, or incorporating ad-
ditional class-specific constraints to preserve accurate representations
of base and novel classes could further enhance the accuracy of the
framework for NCD in 3D point cloud segmentation.

The visualization results in Figs. 7, 8, 9, and 10 illustrate the
segmentation outcomes for different splits of the S3DIS dataset, specifi-
cally S3DIS-4°, S3DIS-3!, S3DIS-32, and S3DIS-33. Each figure compares
the ground truth, the predictions from NOPS, and our method, along
with comparisons of correctly and incorrectly segmented regions. The
colors in the visualizations represent different semantic classes, and the
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labels “wrong” and “right” indicate regions of incorrect and correct
segmentation, respectively. Overall, the visualizations clearly indicate
that our method consistently achieves better segmentation results than
NOPS across various splits of the S3DIS dataset, particularly in novel
classes highlighted in pink.

4.6. Evaluation and visualization results on Toronto-3D

The experimental results on the Toronto-3D dataset are detailed
in Table 2. The table includes various splits (Toronto-3D-2°, Toronto-
3D-2!, Toronto-3D-22, Toronto-3D-23), with novel classes indicated in
pink. The novel class splits align with the criteria used by NOPS,
ensuring consistency in evaluation. The proposed method achieves
notable improvements across several classes, reflecting the strengths
of its innovative modules. For instance, in the Toronto-3D-2° split,
the method outperforms NOPS significantly in the road and building
classes. Specifically, the road class shows an IoU of 74.50% compared
to NOPS’s 52.71%, and the building class achieves 60.33% compared
to NOPS’s 56.48%. The overall improvement in IoU for novel classes
in the Toronto-3D-2° split is 67.41% compared to NOPS’s 54.60%,
showecasing a significant advancement. This improvement is attributed
to the robust integration of voxel-geometry data, which captures the
fine spatial details essential for these large, continuous surfaces.

Similarly, in the Toronto-3D-2! split, the method excels in the
natural and utility line classes, achieving IoUs of 56.03% and 61.49%,
respectively, compared to NOPS’s 46.84% and 45.27%. The CRSM
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(a) Ground truth (b) NOPS (c) Ours (d) NOPS (W/R) (e) Ours (W/R)
ceiling  floor wall beam column window  door table
chair sofa bookcase board clutter wrong  right

Fig. 8. Segmentation results on the S3DIS-3' split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent different
semantic classes. In images (d-e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views display detailed segmentation results for
classes such as bookcase, table, chair, and door. NOPS missegments parts of the bookcase as chair, door as chair, and bookcase as wall. Our method, in contrast, shows a reduction

in these specific errors, leading to relatively better performance.

effectively identifies key representative points, enhancing the model’s
ability to segment objects with intricate shapes and varying geometries.
In the Toronto-3D-22 split, the method shows superior performance
in the road and utility line classes, achieving IoUs of 84.93% and
50.66%, respectively, compared to NOPS’s 74.88% and 30.84%. This
improvement highlights the effectiveness of the CRSM and SFAM,
which enhances the model’s ability to capture fine-grained spatial
details. In the Toronto-3D-23 split, the method excels in the road and
natural classes, achieving IoUs of 86.39% and 88.10%, respectively,
compared to NOPS’s 77.22% and 86.65%.

However, across all four splits, our method underperforms in the
road marking and fence classes. These classes consistently achieve
lower IoU scores, indicating a persistent challenge across different
splits. The low performance in the road marking and fence classes
can be attributed to several factors. First, these classes are typically
underrepresented in the dataset, leading to insufficient training data
for the model to learn distinguishing features effectively. Additionally,
road markings are often confused with the road itself due to their close
spatial proximity and similar appearance, making it difficult for the
model to differentiate between them. Furthermore, road markings, be-
ing flat and often very thin, may not form distinct clusters as effectively
as more volumetric objects. Fences, often thin and elongated, present
similar challenges. To address these issues, future research could fo-
cus on integrating more sophisticated feature extraction techniques
that capture the fine-grained details necessary for distinguishing these
classes. Furthermore, the NSPM could be refined to better account for
the unique characteristics of thin and elongated structures, ensuring
more accurate segmentation.

The segmentation results for the Toronto-3D dataset are visualized
in Figs. 11, 12, 13 and 14. These figures illustrate the segmentation
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performance on different splits. In these visualizations, different colors
represent various semantic classes, with ‘wrong’ indicating areas of
segmentation errors and ‘right’ indicating correctly segmented regions.
Overall, the visualizations confirm the quantitative improvements ob-
served in Table 2, showcasing the method’s robustness and accuracy in
3D semantic segmentation across various challenging classes.

4.7. Evaluation and visualization results on SemanticSTF

The evaluation of the proposed method on the SemanticSTF dataset
demonstrates significant improvements across several classes, as shown
in Table 3. The pink cells in the table denote novel classes. The
following examples illustrate the key areas of improvement and their
underlying causes. In the SemanticSTF-5° split, the proposed method
significantly outperforms NOPS in the road and building classes. For
example, the IoU for the road class is 60.65%, compared to NOPS’s
47.40%. Similarly, the building class shows an IoU of 26.68%, il-
lustrating the method’s effectiveness in handling detailed geometric
structures. For the SemanticSTF-5' split, the proposed method shows
a strong performance in the other-vehicle and fence classes, achieving
IoUs of 33.55% and 37.04%, respectively, compared to NOPS’s 26.72%
and 30.40%. In the SemanticSTF-5° split, the proposed method excels
in the bicyclist and bicycle classes, achieving IoUs of 64.36% and
32.38%, respectively, compared to NOPS’s 41.92% and 22.51%. The
SemanticSTF-4® split further demonstrates the method’s capabilities,
particularly in the building and other-ground classes, where it achieves
IoUs of 72.79% and 30.31%, compared to NOPS’s 67.57% and 23.83%.

However, the performance in specific classes such as motorcycle
in SemanticSTF-5°, trunk in SemanticSTF-5', other-vehicle in Semantic
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Fig. 9. Segmentation results on the S3DIS-3? split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent different
semantic classes. In images (d-e), red represents segmentation errors, while green indicates correct segmentation. Zoom-in views detailedly show the representative segmentation

results for classes such as chair, table, and clutter, highlighting the improved performance of our method compared to NOPS in these classes.

STF-52, and motorcyclist in SemanticSTF-43 highlights significant chal-
lenges for the model. The lower performance in these classes can be
attributed to several key factors. Firstly, the scarcity of these classes
in the dataset makes it difficult for the model to learn and recognize
them accurately. Secondly, the geometries of these objects are inher-
ently smaller and visually similar, which can complicate segmentation.
Moreover, a potential issue arises from the NSPM. The hashing process
can lead to an over-simplification of spatial relationships, which may
cause critical details to be lost. It might not capture the fine-grained
spatial relationships necessary for distinguishing smaller or more simi-
lar objects. To address these limitations, future research could explore
adaptive methods for the hashing process in the NSPM. By dynamically
adjusting the hashing strategy based on the complexity of the local
geometry, it may be possible to retain more critical spatial details.
Additionally, incorporating techniques such as transfer learning from
pre-trained models on larger, more diverse datasets could enhance the
model’s generalization capabilities.

The segmentation results for the SemanticSTF dataset are visu-
alized in four sets of images, corresponding to the SemanticSTF-5°,
SemanticSTF-5', SemanticSTF-52, and SemanticSTF-4° splits (Figs. 15,
16, 17, and 18). These visualizations help illustrate the qualitative
performance differences between the proposed method and NOPS. In
each set of visualizations, different colors represent different semantic
classes, while regions marked as “wrong” indicate areas where the
segmentation was incorrect, and “right” indicates areas where the
segmentation was correct.

4.8. Evaluation and visualization results on SemanticPOSS

Table 4 highlights the performance differences between the pro-
posed method and NOPS across various splits in the SemanticPOSS
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dataset. Notable improvements are observed in several classes. In the
SemanticPOSS-4° split, the proposed method significantly outperforms
NOPS in the building and plant classes. The IoU for the building class
is 54.83%, compared to NOPS’s 30.35%, and for the plant class, it is
59.90%, compared to NOPS’s 42.07%. These improvements highlight
the effectiveness of the proposed method in capturing fine spatial
details and complex structures. For the SemanticPOSS-3' split, the
proposed method shows strong performance in the cone and fence
classes, achieving IoUs of 28.55% and 23.54%, respectively, compared
to NOPS’s 12.21% and 3.94%. In the SemanticPOSS-3? split, the method
excels in the building and people classes, achieving IoUs of 78.32% and
55.81%, respectively, compared to NOPS’s 71.81% and 52.09%. This
demonstrates the method’s capability to effectively segment objects
with intricate shapes and varying geometries. The SemanticPOSS-3>
split further demonstrates the method’s capabilities, particularly in the
cone and traffic-sign classes, where it achieves IoUs of 13.66% and
30.52%, compared to NOPS’s 0.00% and 26.15%.

In terms of overall performance, the proposed method consistently
shows superior results. For instance, in the SemanticPOSS-4° split, the
mloU of novel classes is 43.68%, compared to NOPS’s 35.70%. The
mloU of base classes is also higher at 28.41%, compared to NOPS’s
26.57%, leading to an mIoU of all classes at 33.11%, surpassing NOPS’s
29.38%. This demonstrates that the proposed method performs well
not only on novel classes but also maintains high accuracy on base
classes. Similarly, in the SemanticPOSS-3' split, the mloU of base
classes reaches 41.02%, compared to NOPS’s 38.24%, showing a bal-
anced improvement across base classes. In the SemanticPOSS-3? split,
the mloU of all classes is 39.44%, compared to NOPS’s 36.04%, with a
significant improvement in the mIoU of novel classes at 10.30%, com-
pared to NOPS’s 8.95%, and a higher mIoU of base classes at 48.18%,
compared to NOPS’s 44.17%. For the SemanticPOSS-33 split, the mIoU
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Fig. 10. Segmentation results on the S3DIS-3* split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent different
semantic classes. In images (d—e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views provide detailed segmentation results for
classes such as table, chair, bookcase, floor, and board. It can be observed that NOPS missegments portions of the wall as bookcase in the first row, bookcase as clutter in the
second row, and board as wall or sofa in the third row. Similar errors also appear in our method, but the occurrences are significantly reduced.
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Fig. 11. Segmentation results on the Toronto-3D-2° split. (a) Ground truth, (b) NOPS, (c) Ours. In images (a—c), different colors represent different semantic classes. Zoom-in views
show detailed segmentation results of the road surface. It can be observed that our method more closely matches the ground truth, while NOPS incorrectly segments a larger

portion of the road surface as road markings.

of all classes is 38.71%, compared to NOPS’s 36.32%, demonstrating
superior generalization across the majority of classes.

However, analyzing the results from the SemanticPOSS dataset, we
observe specific classes where the model’s performance is suboptimal,
notably in the trashcan class across all splits. This discrepancy provides
insights into the model’s limitations and areas for future improvement.
Trashcans are smaller objects with less distinctive features, making
accurate segmentation challenging. Additionally, the limited number
of trashcan instances in the dataset provides fewer examples for the
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model to learn from. A critical examination of our approach reveals
that the SFAM, while effective in many scenarios, might contribute
to the observed limitations. The SFAM currently employs a straight-
forward method for integrating localized and global features. This
integration might oversimplify the complex spatial relationships neces-
sary for accurately distinguishing smaller or more nuanced objects. To
address these limitations, future research could explore more advanced
techniques for feature integration within the SFAM. By incorporating
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Fig. 12. Segmentation results on the Toronto-3D-2! split. (a) Ground truth, (b) NOPS, (c) Ours. In images (a—c), different colors represent different semantic classes. Zoom-in views
show detailed segmentation results of the natural class. It can be observed that both our method and NOPS perform well overall, but NOPS incorrectly segments more detailed
areas of the natural class as buildings, utility lines, and cars.

(a) Ground truth (b) NOPS
[ | | [ | | [ | |
road marking natural building line pole car fence

Fig. 13. Segmentation results on the Toronto-3D-22 split. (a) Ground truth, (b) NOPS, (c) Ours. In images (a—c), different colors represent different semantic classes. The zoom-in
views highlight the detailed segmentation results of the building class. Both our method and NOPS show good overall performance, with NOPS segmenting relatively more detailed
areas of the building class as natural elements, utility lines, cars, and fences.

(a) Ground truth (b) NOPS
[ | | [ | | [ | [ |
road marking natural building  line pole car fence

Fig. 14. Segmentation results on the Toronto-3D-2* split. (a) Ground truth, (b) NOPS, (c) Ours. In images (a—c), different colors represent different semantic classes. The zoom-in
views highlight the detailed segmentation results of the utility line class. Both segmentation methods show comparable overall performance; however, closer inspection reveals
that our method achieves higher accuracy in finer details.

more sophisticated attention mechanisms or hierarchical feature fusion mark different semantic classes, offering a clear visual reference to
strategies, it might be possible to retain more critical spatial details. the segmentation capabilities of each approach. Incorrectly segmented

The visualizations for the SemanticPOSS dataset across various areas are indicated with specific markings that highlight discrepan-
splits, SemanticPOSS-4°, and SemanticPOSS-3', are displayed in figures cies, whereas correctly segment-ed areas confirm the precision of the
sequentially labeled from Figs. 19 to 20. These images serve to illus- segmentation method. These visual contrasts not only emphasize the
trate the nuanced differences in segmentation accuracy between the enhanced ability of the proposed method to segment complex urban
method presented and the NOPS baseline. Each visualization set pro- landscapes but also underline the practical implications of improved

vides a color-coded depiction of the segmented scenes. Colors distinctly segmentation in real-world applications.
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Fig. 15. Segmentation results on the SemanticSTF-5° split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent
different semantic classes. In images (d-e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views provide detailed segmentation results
for classes such as road, vegetation, and terrain. It can be observed that NOPS missegments portions of the road as sidewalk, vegetation as terrain, and terrain as building. In
comparison, our method demonstrates relatively better performance, though it also incorrectly segments some terrain as sidewalk.
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Fig. 16. Segmentation results on the SemanticSTF-5' split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent
different semantic classes. In images (d-e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views illustrate the segmentation results
for classes such as sidewalk, parking, and car. It can be observed that NOPS confuses sections of sidewalk with parking, parking with road, and car with other-ground. On the
other hand, our method performs better overall, though it also makes some errors in segmenting parking as car or road.
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Fig. 17. Segmentation results on the SemanticSTF-5% split. (a) Ground truth, (b) NOPS, (¢) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent
different semantic classes. In images (d—e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views illustrate the segmentation outcomes
for classes such as terrain and vegetation. NOPS incorrectly segments portions of terrain as road in the first row and as parking or vegetation in the second row. Our method
addresses some of these segmentation errors, though it still occasionally segments portions of terrain as vegetation.

(a) Ground truth (b) NOPS (c) Ours (d) NOPS (W/R) (e) Ours (W/R)
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Fig. 18. Segmentation results on the SemanticSTF-4° split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent
different semantic classes. In images (d-e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views provide the segmentation outcomes
for classes such as terrain, road, trunk, fence, and building. NOPS incorrectly segments parts of terrain and road as sidewalk in the first row, trunk as pole in the second row,
and building as traffic sign in the third row. Our method addresses some of these segmentation issues, but still missegments portions of terrain as sidewalk in the first row or as
other-ground in the third row.
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Fig. 19. Segmentation results on the SemanticPOSS-4° split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent
different semantic classes. In images (d-e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views show detailed segmentation results.
It can be observed that our method achieves better segmentation for plants, while NOPS incorrectly segments portions of plants as buildings.
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Fig. 20. Segmentation results on the SemanticPOSS-3! split. (a) Ground truth, (b) NOPS, (c) Ours, (d) NOPS (W/R), (e) Ours (W/R). In images (a—c), different colors represent
different semantic classes. In images (d—e), red represents segmentation errors, while green indicates correct segmentation. The zoom-in views present detailed segmentation results.
It can be observed that NOPS tends to missegment the road adjacent to plants as part of the plants, while our method reduces this type of error.

4.9. Ablation study splits, analyzing the performance in terms of mIoU for novel, base, and
all classes.

In the Toronto-3D-2° split, our method achieved a notable im-
provement in novel class performance, with the mIoU of novel classes
increasing from 64.78% (NOPS) to 71.45%. Similarly, the mIoU of base
classes rose from 54.00% to 58.52%, resulting in an overall increase
accordance with the Toronto-3D dataset’s official guidelines, an offset in mIoU of all classes from 56.69% to 61.75%. Notably, in the road
was applied to prevent potential loss of detail during point cloud and building novel classes, our method outperformed NOPS with mIoU
processing. We compared our method with NOPS across four different scores of 87.10% and 55.80%, compared to 79.68% and 49.88%,

To provide a comprehensive comparison, we conducted validation
experiments on the Toronto-3D dataset with offset to evaluate the
robustness and effectiveness of our proposed method in Table 5. In
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Novel class discovery results on the Toronto-3D dataset with offset (%). Pink highlighted values are the novel classes in each split. “Novel” denotes the
mloU of novel classes, “Base” indicates the mloU of non-novel classes, and “All” shows the mloU of all classes.

Split Model road road marking  natural  building  utility line pole car fence Novel Base All
Toronto-3D-20 NOPS 79.68 11.08 91.76 49.88 71.70 64.75  63.78  20.91 64.78 54.00 56.69
Ours 87.10 10.39 94.32 55.80 78.21 70.84 67.44  29.92 71.45 58.52 61.75
Toronto-3D-2! NOPS 87.92 11.26 46.96 60.14 74.67 73.34 1717  23.65 32.07 55.16  49.39
Ours 91.49 14.82 55.49 61.75 74.51 76.50 6.82 29.47 31.16 58.09 51.36
Toronto-3D-22 NOPS 91.02 4.16 93.92 57.87 74.28 56.50 70.06  28.65 30.33 69.30  59.56
Ours 91.78 10.53 94.31 61.34 70.61 55.17 70.65  39.02 32.85 71.29  61.68
Toronto-3D-23 NOPS 91.03 12.51 94.75 61.86 48.61 7416  65.92 8.08 28.35 66.71 57.12
Ours 91.09 14.11 94.44 62.46 49.53 75.82 68.66 14.52 32.03 67.76  58.83
Table 6
Ablation study on the number of buckets m for novel class discovery on the S3DIS-4° split (%).
Split m ceiling floor wall beam column window door table chair sofa bookcase board clutter Novel Base All
S3DIS-40 32 80.36 84.66 35.21 0.00 24.45 35.37 52.58 64.19 73.66 50.22 58.62 26.74 12.63 53.22 42.87 46.05
S3DIS-4° 64 81.46 88.12 47.83 0.00 28.33 23.89 54.83 62.24 72.28 36.34 51.88 19.74 16.30 58.42 38.84 44.86
S3DIS-40 128 78.75 63.92 36.84 0.00 31.26 28.07 54.11 67.07 80.40 41.76 60.75 10.73 4.08 45.90 41.57 42.90
S3DIS-4° 256 51.17 71.37 29.28 0.00 32.47 24.80 49.82 61.44 72.04 41.03 53.25 25.29 16.69 42.13 40.02 40.67

respectively. For the Toronto-3D-2! split, the mIoU for base classes
improved from 55.16% to 58.09%. In the natural and pole classes, our
method significantly outperformed NOPS with mIoU values of 55.49%
and 76.50%, compared to NOPS’s 46.96% and 73.34%. In the Toronto-
3D-2? split, our method achieved an mlIoU of 32.85% for novel classes,
surpassing NOPS’s 30.33%, and also demonstrated better performance
in base classes, with an increase in mIoU from 69.30% to 71.29%.
Finally, in the Toronto-3D-2? split, our method continued to outperform
NOPS in both novel and base classes, achieving an mloU of 32.03%
for novel classes and 67.76% for base classes, compared to 28.35%
and 66.71% for NOPS. Significant improvements were observed in
the utility line and fence classes, with our method achieving mlIoU
scores of 49.53% and 14.52%, compared to NOPS’s 48.61% and 8.08%.
Overall, our method consistently outperformed NOPS across different
splits of the Toronto-3D dataset with offset, particularly in the novel
classes and base classes. These results demonstrate the robustness and
generalization capability of our approach, confirming its effectiveness
in novel class discovery across diverse scenarios.

Moreover, the ablation study results in Table 6 show that increasing
the number of buckets in the NSPM leads to distinct effects on novel
classes and base classes. When increasing from 32 to 64 buckets, the
mloU of novel classes improves from 53.22% to 58.42%, while the
mloU of base classes drops from 42.87% to 38.84%. This suggests that
finer partitioning through more buckets allows the model to better
capture nuanced features in previously unseen classes, helping to dis-
tinguish novel classes. However, the reduction in the mIoU of base
classes appears to result from excessive fragmentation of the feature
space, leading to a loss of broader, more generalized features that
are beneficial for base class recognition. The S3DIS dataset, with its
rich indoor scenes, is highly structured, and the increase in buckets
introduces challenges in maintaining coherent representations for the
base classes.

Further increasing the bucket count to 128 and 256 demonstrates di-
minishing returns across both novel and base classes. For instance, the
mloU of novel classes decreases to 45.90% with 128 buckets and drops
further to 42.13% with 256 buckets, suggesting over-segmentation.
Similarly, the mIoU of base classes exhibits a slight recovery to 41.57%
at 128 buckets, but this trend does not hold at 256 buckets. The
decline in performance for the mIoU of all classes (from 46.05% at 32
buckets to 40.67% at 256 buckets) indicates that excessive granularity
impairs the model’s ability to capture both global and local contextual
information effectively.

This phenomenon is also related to the unique characteristics of the
S3DIS dataset, which represents complex indoor environments that in-
clude densely populated areas (e.g., cluttered offices or furniture-heavy
rooms) as well as relatively sparse spaces (e.g., open corridors or large
walls). The indoor setting is typically constrained, with many small,
enclosed regions that require precise spatial partitioning for accurate
class discovery. As the number of buckets increases, it appears that
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partitioning becomes too fine-grained, leading to reduced coherence
in spatial relationships. Although increasing the number of buckets
could intuitively improve fine-grained representation, the results show
diminishing returns for novel class discovery beyond 64 buckets, with
significant drops in performance at 128 and 256 buckets. This frag-
mentation disrupts the spatial coherence necessary for effective feature
aggregation across both novel and base classes. Consequently, the
model struggles to generalize effectively, leading to a decline in overall
performance, particularly in the mIoU of all classes. This underscores
the importance of carefully selecting the number of buckets to main-
tain a balance between granularity and spatial coherence for robust
performance across all classes.

In addition, we explore the impact of varying the scaling factor y
on the performance of NCD on the SemanticPOSS dataset. The scaling
factor y controls the neighborhood size around representative points,
directly affecting the segmentation processes. From the results in Table
7, we observe that increasing y from 5 to 10 leads to an improvement
in both mIoU of novel and base classes. The mIoU of novel classes
increases from 34.15% to 43.68%, while the mlIoU of base classes
slightly rises from 27.69% to 28.41%. This suggests that enlarging the
neighborhood size captures more local context, which enhances the
identification of novel classes that rely on detailed spatial relationships.
However, further increases in y to 15 and 20 show diminishing returns,
with both mIoU of novel and base classes experiencing fluctuations. For
instance, the mIoU of novel classes decreases to 34.57% at y = 15 and
continues to drop to 30.71% at y = 20, while the mIoU of base classes
exhibits only a modest recovery.

This trend can be attributed to the characteristics of the Seman-
ticPOSS dataset, which features large open spaces and varying object
distributions. A smaller neighborhood size may fail to capture sufficient
spatial context in these wide regions, while overly large neighborhoods
can result in feature dilution, where important local details are lost.
The fluctuation in the mIoU of all classes, from 29.68% at y = 5,
peaking at 33.11% for y = 10, and then dropping to 30.23% at y = 20,
highlights the challenge of determining the optimal neighborhood size
for both novel and base class discovery in diverse outdoor scenes.
Overall, the results suggest that a moderate neighborhood size offers
the best compromise between capturing features of novel classes and
maintaining generalization across base classes.

Table 8 provides insight into how each module in the proposed
method contributes to overall performance, particularly in the context
of NCD on the SemanticSTF-5° dataset. We systematically analyzed the
effects of modifying four key components to understand how these
changes influence segmentation accuracy across novel, base, and all
classes.

Firstly, replacing the original spatial coordinates in the VGDI mod-
ule with voxel coordinates results in a decline in performance across all
classes. The mloU of base classes decreases from 33.64% to 30.41%,
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Table 7
Ablation study on the scaling factor y for novel class discovery on the SemanticPOSS-4° split (%). y adjusts the neighborhood size around representative points.
g
oo
o S Y 5] =] s =] ) bl & = &
2 = o =1 = & <] 54 = = E 3
Split y 2 2 5] 8 & 2 8 =) = ki £ g 5 Novel  Base All
SemanticPOSS-4" 5 41.78 = 2240 125 1657 29.17 7246 4193 4049 2024 39.86 2456 1212  22.99 3415 27.69 29.68
SemanticPOSS-4° 10 42.44 54.83 1.67 17.59 32.20 58.33 44.51 59.90 25.98 42.33 25.73 4.56 20.32 43.68 28.41 33.11
SemanticPOSS-4° 15 42.40 27.85 2.86 25.15 32.23 69.26 43.85 38.29 19.79 44.81 30.07 4.37 23.20 34.57 29.54 31.09
SemanticPOSS-4° 20 42.42 18.15 3.17 23.28 31.26 69.33 47.06 32.18 18.71 47.52 26.84 9.39 23.73 30.71 30.02 30.23

Table 8

Ablation study on different modules for novel class discovery on the SemanticSTF-5° split (%). Each row presents results for the full model and three ablated versions of the model,
where key components are replaced or modified. VGDI: Voxel Coord refers to replacing the original point-based spatial coordinates with voxel coordinates in the VGDI. CRSM:
Random Sampling involves replacing the representative point sampling in the CRSM with random sampling, disregarding the spatial and feature coherence of clusters. NSPM:
Random Neighbors indicates that in the NSPM, the neighboring points are randomly selected instead of being chosen based on their proximity to the representative point.

) = =]

k] 2 2 5 P s

el = - S ] S 20

“ g g = = g 2 3 & 2 | = &

o 5 2§ 2 £ s £ ¥z % & & 2 g S E o2 g
split Model g = £ B 3 2 b= £ ] 2 k- 3 2 £ 2 B e £ i1 Novel Base  All
SemanticSTF-5° VGDI: Voxel Coord 68.75 13.60 1860 2505 19.24 4812 49.08 1161 3858 1919 967 1812 3662 4228 3772 20.62 2359 3802 33.40 | 29.24 3041 30.10
SemanticSTF-5 | CRSM: Random Sampling | 71.35 17.59 20.34 3211 23.39 46.65 5618 1116 4242 19.07 500 17.76 40.60 4175 24.68 2310 2592 3718 3121 | 2772 3206 30.92
SemanticSTF-5 | NSPM: Random Neighbors | 67.87 18.89 19.32 3508 24.02 4290 49.66 1506 4578 20.63 011 1862 2668 39.39 3554 2323 1448 2068 37.28 | 2450 3154 2970
SemanticSTF-5° Original Model 50.38 2370 14.00 37.31 3564 4322 6102 2210 60.65 23.04 1333 2301 2668 4242 2373 23.02 2366 2811 3500 | 29.61 33.64 32.58

Table 9

Ablation study on SFAM for novel class discovery on the SemanticSTF-5° split (%). Five distinct configurations are presented to clarify how each design choice in SFAM influences
segmentation performance: SFAM: Single-Head Only removes multi-head attention to evaluate whether multiple heads are necessary for capturing diverse spatial features; SFAM:
No \/sz Scaling omits the usual normalization in dot-product attention to examine the importance of controlling attention magnitudes; SFAM: Average-Pooling discards the learned
attention-based weighting in favor of uniformly averaging neighbor features, probing the benefit of adaptive attention; SFAM: Max-Pooling similarly replaces attention weighting

but selects the maximum feature value among neighbors rather than averaging.
T

g 2 2 E “ g

s B . ' . & % g F F B . F . = ‘
split Model § g E H g g g H E £} - E E E go g g 2 E Novel Base  All
SemanticSTF-5" | SFAM: Single-Head Only | 68.56 1751 1651 2832 2028 5117 5426 1487 5846 1875 1222 2000 3436 4449 3673 2078 2105 30.86 3759 | 3256 3171 3194
SemanticSTF-5° SFAM: No \/(E Scaling 71.58 17.58 18.99 26.41 26.10 42.63 51.56 12.81 44.43 20.37 0.70 22.02 38.24 43.21 47.06 24.55 20.24 34.61 39.73 30.13 32.30 31.73

SemanticSTF-5"
SemanticSTF-5"
SemanticSTF-5"

64.64
65.18
59.38

14.59
14.50
23.70

17.64
14.62
14.00

SFAM: Average-Pooling
SFAM: Max-Pooling
Original Model

16.97
35.14
37.31

14.48
19.19
35.64

39.67
44.29
43.22

78.79
60.04
61.02

12.73
15.65
22.10

53.48
45.93
60.65

18.04
17.45
23.04

13.70
7.02
13.33

18.37
15.64
23.01

40.20
27.89
26.68

39.41
40.60
42.42

42.35
31.17
23.73

19.68
18.91
23.02

23.93
8.85
23.66

29.80
37.27
28.11

27.95
36.11
35.00

34.73
2417
29.61

29.48
31.04
33.64

30.86
29.23
32.58

and the mloU of all classes drops from 32.58% to 30.10%. This out-
come illustrates the importance of using spatial coordinates from the
original point cloud. The downstream processes, such as representative
point selection in CRSM, neighborhood selection in NSPM, and atten-
tion computation in SFAM, rely on the spatial accuracy provided by
these coordinates. Replacing them with voxel coordinates affects these
operations, leading to a noticeable impact on overall segmentation
performance.

When random sampling is used to replace representative point
sampling in the CRSM, the results show a decrease in the mIoU of
novel classes from 29.61% to 27.72%. This drop is largely attributed to
the loss of spatial coherence within clusters when points are selected
randomly, diminishing the network’s ability to capture the spatial
relationships that are essential for identifying novel classes. The mIoU
of all classes decreases from 32.58% to 30.92%, reflecting the broader
impact. CRSM’s effectiveness relies on selecting representative points
that preserve spatial consistency, and random sampling disrupts this
process.

Similarly, the NSPM also experiences performance degradation
when neighboring points are selected randomly rather than based
on proximity to the representative point. The mIoU of novel classes
decreases from 29.61% to 24.50%, while the mIoU of all classes drops
to 29.70%. Random selection disrupts the model’s ability to preserve
meaningful spatial relationships, which is particularly important for
novel classes, where precise spatial context is needed for effective
segmentation. NSPM is responsible for constructing accurate local
neighborhoods, and randomization reduces the model’s understanding
of spatial proximity, impacting segmentation performance.

Table 9 presents the performance of four SFAM variants for novel
class discovery on the SemanticSTF-5° split, highlighting how specific
architectural or operational changes affect IoU across novel and base
classes. Compared with the original model, the single-head only set-
ting removes multi-head attention and yields moderate performance
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reductions across several classes. The mIoU of novel classes increases
slightly from 29.61% to 32.56%, whereas the mIoU of base classes
decreases from 33.64% to 31.71%, indicating that multiple heads fa-
cilitate broader base-class coverage but are not strictly necessary for
novel-class improvement. The no scaling variant omits the normal-
ization factor in dot-product attention, generally leading to a modest
gain in the mIoU of novel classes (29.61% to 30.13%) but leads to a
drop in the mIoU of base classes (33.64% to 32.30%), suggesting that
normalization helps maintain stable representations across frequently
occurring base classes. In the average-pooling condition, learned at-
tention weights are replaced by a mean over all neighbor features;
while this configuration can achieve competitive results for select novel
classes, it often reduces overall segmentation quality, highlighting the
benefit of adaptive weighting. The max-pooling approach exhibits a
more pronounced decline, especially in the mIoU of novel classes (from
29.61% to 24.17%), suggesting that discarding the nuanced variability
in spatial relationships severely hampers the model’s ability to focus
on subtle, fine-grained features. Collectively, these findings confirm
that multi-head attention, proper scaling, and learned feature weighting
each play a vital role in SFAM’s effectiveness for novel class discovery.

In summary, Tables 8 and 9 demonstrate the importance of each
module in the proposed method. The VGDI module’s use of original spa-
tial coordinates is crucial for maintaining spatial accuracy throughout
the network, as indicated by the drop in mIoU when voxel coordinates
are used. The CRSM and NSPM modules are critical for preserving
spatial coherence and context, and their ablation shows how random
selection impacts the network’s ability to capture meaningful spatial
features. Finally, the SFAM module’s attention mechanism plays a vital
role in the final stage of feature refinement.

5. Conclusion

Novel class discovery is an emerging research direction in 3D se-
mantic segmentation, focusing on the segmentation of unseen classes
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in point cloud data. This is crucial for applications such as autonomous
navigation for vehicles and drones, where dynamically recognizing and
segmenting novel classes is essential for operational safety, as well as
for urban planning, where it supports more efficient city management
and design. NCD enhances the robustness and adaptability of segmenta-
tion models, enabling effective processing of new and evolving classes
in dynamic real-world environments.

This study introduces a novel framework for 3D semantic segmenta-
tion, specifically targeting the discovery of novel classes in complex and
dynamic environments. By integrating voxel-geometry data with spatial
coordinates, the proposed approach mitigates the limitations of tradi-
tional voxel-based and point-based methods, preserving fine-grained
spatial details essential for accurate segmentation. The experimen-
tal results demonstrate significant improvements over the baseline
method, NOPS, across various benchmark data-sets, including S3DIS,
Toronto-3D, SemanticSTF, and SemanticPOSS.

The framework integrates several innovative modules, including
the Voxel-Geometry Data Integration module, Cluster-based Repre-
sentative Sampling module, Neighborhood Spatial Partitioning mod-
ule, and Spatial Feature Attention Mechanism. These components en-
hance the method’s capability to handle intricate spatial structures and
large-scale point clouds. The experiments validate the effectiveness of
these modules, showcasing notable enhancements in IoU for novel and
base classes. For instance, in the S3DIS-3! split, the proposed method
achieves an mlIoU of 51.46% for novel classes, significantly surpass-
ing NOPS’s 31.53%. Similarly, in the Toronto-3D splits, the method
consistently outperforms NOPS in multiple classes, demonstrating its
robustness and adaptability.

The visualizations further corroborate the quantitative results, illus-
trating clear qualitative improvements in segmentation performance.
The proposed method effectively segments complex scenes, particularly
in classes such as road, car, and utility lines. These visual results
provide a deeper insight into the method’s performance and practical
applicability, enhancing the overall understanding of its capabilities.
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