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Highlights

What are the main findings?
• We propose CGHP, a component-guided hierarchical progressive framework that

achieves unsupervised 3D point cloud segmentation without any manual annotations,
2D data, or pre-trained models.

• The framework integrates component-level descriptors with an adjacency-constrained
progressive clustering strategy, enabling effective transition from component- to object-
level semantics and achieving competitive results on benchmark datasets.

What is the implication of the main finding?
• The results demonstrate that structured priors and hierarchical learning can substantially

enhance unsupervised 3D semantic segmentation, effectively narrowing the gap with
supervised methods.

• The framework provides a scalable solution for processing massive airborne and ter-
restrial point clouds, enabling broader applications in smart city development and
scene understanding.

Abstract

With the rapid development of airborne LiDAR and photogrammetric techniques, massive
amounts of high-resolution 3D point cloud data have become increasingly available. How-
ever, extracting meaningful semantic information from such unstructured and noisy point
clouds remains a challenging task, particularly in the absence of manually annotated labels.
We present CGHP, a novel component-guided hierarchical progressive framework that ad-
dresses this challenge through a two-stage learning approach. Our method first decomposes
point clouds into components using geometric and appearance consistency, constructing
comprehensive geometric-appearance descriptors that capture shape, scale, and gravity-
aligned distribution information to guide initial feature learning. These component-level
features then undergo progressive growth through an adjacency-constrained clustering
algorithm that gradually merges components into object-level semantic clusters. Extensive
experiments on publicly available point cloud datasets S3DIS and ScanNet++ datasets
demonstrate the effectiveness of the proposed method. On the S3DIS dataset, our method
achieves state-of-the-art performance, with 48.69% mIoU and 79.68% OA, without using any
annotations, closely approaching the results of fully supervised PointNet++ (50.1% mIoU,
77.5% OA). On the more challenging ScanNet++ benchmark, our approach also demon-
strates competitive performance in terms of both mAcc and mIoU.
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1. Introduction
Three-dimensional point cloud semantic segmentation serves as a foundational tech-

nology for robotic navigation, scene understanding, and virtual reality applications [1] and
has also become essential in autonomous driving and marine navigation, where vehicle-
or ship-mounted LiDAR systems enable perception, obstacle detection, and situational
awareness [2–5]. Moreover, 3D semantic segmentation techniques have also found growing
use in human-centered applications such as intelligent rehabilitation and human–machine
interaction, highlighting their broad applicability across diverse fields [6,7]. While fully
supervised approaches [8–10] have demonstrated remarkable progress, their reliance on
extensive point-level annotations (requiring up to 22.3 min per scene in ScanNet [11]) con-
siderably impedes practical deployment. Although contemporary semi-supervised [12–15]
and weakly supervised [16–25] methods reduce annotation requirements, they still necessi-
tate partial human intervention.

Consequently, unsupervised point cloud semantic segmentation, which completely
eliminates annotation requirements, has emerged as a frontier challenge in this domain.
This challenge is particularly formidable due to its inherent circular dependency: gen-
erating high-quality feature representations demands supervision with accurate labels,
while obtaining accurate labels requires models capable of producing meaningful feature
representations—a classic chicken-and-egg dilemma. In this study, we aim to develop
an unsupervised framework for 3D semantic segmentation that automatically learns to
discover and disentangle semantic concepts from raw point cloud data, without relying on
any manual annotations, as presented in Figure 1.

Traditional clustering methods exhibit considerable limitations. Kmeans [26] struggles
to form coherent clusters in the presence of uneven data distributions, noise, and outliers.
DBSCAN [27] demonstrates poor performance in detecting clusters of varying densities,
requires reduced density thresholds for boundary identification, and suffers from sub-
stantial performance degradation in high-dimensional spaces. However, other classical
clustering algorithms, such as HDBSCAN [28], Mean Shift [29], Gaussian Mixture Models
(GMM) [30], and Euclidean distance-based hierarchical clustering [31], also face scalability
and computational efficiency challenges when applied to high-dimensional, irregular point
clouds. Specifically, they suffer from density degradation, high computational cost, and
difficulty handling non-Gaussian and non-convex spatial distributions.

Existing 2D approaches, such as IIC [32] and PiCIE [33], employ self-supervised
learning to extract semantically meaningful features through transformation invariance
and equivariance while optimizing semantic cluster compactness. However, their direct
adaptation to 3D point clouds encounters substantial challenges: (1) clustering ambiguity
arising from the typically smaller data volume, limited diversity, and imbalanced class
distribution in 3D data, leading to ambiguous cluster boundaries; (2) spatial density
irregularity, where point clouds exhibit highly non-uniform density distributions, severely
impacting clustering effectiveness. Consequently, direct adaptations of methods [34,35] to
3D scenarios have shown limited improvements. For instance, on the S3DIS [36] dataset,
IIC [32] achieves only 28.5% OA and 6.4% mIoU, while PiCIE [33] reaches 61.6% OA
and 17.9% mIoU when applied to 3D data, highlighting the difficulty of transferring 2D
self-supervised clustering paradigms to irregular and sparse 3D domains.
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Figure 1. From raw point cloud data, our framework is designed to identify meaningful segments
automatically without any supervisory signals. Different color blocks indicate distinct semantic
clusters generated by the proposed method.

Recent 3D approaches have attempted to address these limitations. PointDC [35]
employs cross-modal distillation and supervoxel clustering, yet its reliance on 2D data for
cross-modal distillation restricts generalization. Its supervoxel clustering module, based on
classical superpoint segmentation algorithms, overlooks spatial regularization constraints,
resulting in either highly homogeneous but undersized superpoints or large volumes lack-
ing semantic consistency, thus failing to fully leverage point cloud local consistency. While
GrowSP [34] utilizes PFH [37] descriptors for training guidance and implements region
growing for high-quality oversegmentation without 2D data dependency, the PFH de-
scriptors’ inherent limitation in capturing spatial distribution and scale information, along
with the region growing process that solely relies on geometric consistency constraints in
superpoint generation, renders it inadequate for achieving optimal semantic segmentation
in complex scenarios.

For unsupervised semantic segmentation, direct object-level semantic learning proves
exceptionally challenging. Inspired by recognition-by-components theory [38] and Gestalt
laws [39], human visual systems first identify geometrically and appearance-consistent
adjacent points as components, subsequently combining these components into complete
objects based on proximity principles and statistical co-occurrence. However, prior studies
have overlooked the explicit utilization of this “component-to-object” hierarchical structure
in guiding unsupervised 3D semantic segmentation.

In this study, we propose a novel component-guided hierarchical progressive (CGHP)
unsupervised segmentation framework encompassing (I) component-level semantic learn-
ing and (II) component- to object-level learning, capable of discovering semantic objects
without any labels, 2D data, or pre-trained models. Phase I partitions the original point
cloud into components based on geometric and appearance consistency, incorporating
physical descriptors that integrate shape, scale, and gravity direction information to en-
hance component features and guide learning. Phase II introduces a heuristic component
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graph progressive aggregation module that facilitates the transition from component-level
to object-level semantics through adaptive component-graph growth.

The core insight of our approach lies in its progressive learning paradigm, advancing
from lower-level component semantics to higher-level object semantics. Our method fully
exploits point cloud local consistency by decomposing point clouds into components, pro-
viding reliable component-level priors while incorporating physical descriptors to guide
model learning with comprehensive consideration of component shape and scale distribu-
tion information. Additionally, we develop a strategy for component-level to object-level
semantic learning that effectively promotes object-level semantic understanding. We con-
duct extensive experimental validation on S3DIS and ScanNet++ datasets, demonstrating
the efficacy of our proposed approach.

In summary, our primary contributions are fourfold:

• We propose CGHP, a novel component-guided unsupervised point cloud semantic
segmentation framework that incorporates component recognition theory and Gestalt
laws, establishing a “component-to-object” hierarchical optimization paradigm.

• We introduce an elegant component construction strategy and component descriptors
for guiding component-level semantic learning.

• We develop a heuristic adjacent component graph progressive aggregation module to
facilitate the transition from component-level to object-level semantics.

• Our CGHP approach achieves substantial improvements over existing unsupervised
methods in 3D semantic segmentation, validating its effectiveness.

2. Related Work
In this section, we review prior art in two main streams: (1) supervised 3D semantic

segmentation, covering point-based, voxel-based, and self-supervised pre-training methods;
and (2) unsupervised segmentation learning, starting from 2D clustering-based frameworks
and extending to 3D techniques.

2.1. Three-Dimensional Semantic Segmentation

With the public availability of point cloud datasets [11,36,40–49], supervised meth-
ods for point cloud analysis have witnessed rapid advancement in recent years. These
approaches can be broadly categorized into point-based [9,50–55] and voxel-based meth-
ods [56–58]. In point-based approaches, PointNet [59] as a seminal work directly learns
per-point features using shared MLP and max-pooling operations. Subsequent works have
largely followed this paradigm. For voxel-based methods, unstructured point clouds are
voxelized into regular spheres, cubes or cylinders, enabling the application of existing
convolutional networks. Given the inherent sparsity of point clouds, sparse convolution
techniques [10,60,61] have been developed to process voxelized representations effectively.
With the advancement of self-supervised learning, methods such as PointContrast [62],
CSC [63], and MSC [64] have demonstrated that feature representations learned through
self-supervised pre-training on unlabeled data can effectively capture local geometric struc-
tures and spatial consistency information in point clouds. This prior knowledge provides
more discriminative feature representations for semantic segmentation tasks, enhancing
model generalization and overall performance [65–72]. Despite their impressive perfor-
mance, these methods require expensive dense point annotations for training, which is
time consuming and labor intensive.
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2.2. Unsupervised Segmentation Learning
2.2.1. Two-Dimensional Unsupervised Methods

Remarkable progress has been made in 2D unsupervised semantic segmentation.
DeepCluster [73] iteratively groups feature vectors of the entire dataset using Kmeans [26]
to assign pseudo-labels, utilizing these assignments as supervision to update network
weights. IIC [32] introduces invariant-information clustering in pixel-level representation,
learning by maximizing mutual information between class assignments of paired samples
after random transformations. PICIE [33] extends clustering from images to pixels, assign-
ing separate cluster membership to different instances within each image by incorporating
geometric consistency as an inductive bias to learn invariance and equivariance for photo-
metric and geometric variations. However, these methods have proven ineffective when
directly applied to 3D point clouds due to the fundamental domain gap between images
and point clouds [34,35].

2.2.2. Three-Dimensional Unsupervised Methods

In the 3D domain, several approaches have been proposed to address the limitations
of 2D methods, achieving notable improvements in performance. GrowSP [34] employs a
progressive region-growing scheme to generate high-quality over-segmentation. However,
this method does not fully leverage the intrinsic geometric and appearance information of
point clouds, resulting in suboptimal semantic partitioning in complex scenes. PointDC [35]
addresses clustering ambiguity caused by limited data magnitude and imbalanced class
distribution through cross-modal distillation, while utilizing super-voxel clustering to
mitigate irregularity ambiguity stemming from point cloud sparsity. Nevertheless, their
reliance on 2D data constrains generalization capability. OGC [74] can simultaneously
identify multiple 3D objects in a single forward pass without human annotations by
leveraging dynamic motion patterns over sequential point clouds as supervision signals for
automatic object discovery. However, OGC requires dynamic information from consecutive
point cloud frames as input priors.

3. Method
In this section, we propose a novel unsupervised framework for 3D point cloud se-

mantic segmentation that progressively discovers semantic structures through a two-stage
learning approach. Our CGHP framework first decomposes point clouds into components
using geometric and appearance consistency, and constructs geometry–appearance (GA)
descriptors to guide initial feature learning. These component-level features then undergo
progressive growth through an adjacency-constrained clustering algorithm that gradually
merges components into object-level semantic clusters. The entire framework is trained
end-to-end without any manual annotations, leveraging an expectation–maximization
(EM)-based [75] optimization strategy that alternates between clustering for pseudo-label
generation and model parameter updates.

The remainder of this section details our technical approach as follows: We first for-
mulate the problem and introduce our optimization objective (Section 3.1), followed by
preliminaries on EM-based clustering framework that forms the theoretical foundation of
our method (Section 3.2). To address the challenges of direct point-level clustering, we
propose component-level learning (Section 3.3) that constructs semantically meaningful
components guided by geometric and appearance descriptors. We then present a pro-
gressive clustering algorithm (Section 3.4) that bridges component-level and object-level
semantics through adjacency-constrained growth. Finally, we detail the implementation
and training process of our framework Section 3.5. The overview of the CGHP is shown in
Figure 2.
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Figure 2. General framework of our CGHP. The training comprises two steps: component-level
learning and component to object-level learning.

3.1. Problem Formulation

Given a point cloud datasetD = P1,P2, . . . ,PR containing R point clouds, where each
point cloud Pi ∈ RN×6 represents both coordinate and color information, our objective is
to train a feature extractor fθ and classifier gϕ in an unsupervised manner (without ground
truth labels Y) to predict the semantic category of each point.

3.2. Preliminaries

In the unsupervised setting, directly optimizing model parameters and the classifier
poses considerable challenges. Inspired by DeepCluster [73], we adopt an alternating
learning approach that iteratively learns features and generates pseudo-labels through
cluster-based learning. Theoretically grounded in the EM, this approach iteratively max-
imizes the lower bound by leveraging weak signals to optimize the backbone feature
extractor and classifier parameters.

While existing unsupervised semantic segmentation methods generally follow the
DeepCluster paradigm, the constantly evolving pseudo-labels make learning a parametric
classifier difficult and unstable. Therefore, following DeepCluster-v2 [76], we employ a
non-parametric classifier based on Kmeans centroids for pseudo-label assignment.

We formulate this as an EM optimization problem where the point cloud data serve
as observed variables, model parameters as parameters to be optimized, and pointwise
semantic labels as latent variables. The optimization proceeds in two main steps:

(1) E-step: With fixed model parameters fθ , we optimize the distribution of latent vari-
ables by clustering the current features using Kmeans to obtain cluster labels for
each point. Let i and i′ denote the indices of a point and its corresponding point
cloud, respectively.

min
µ,y ∑

i,i′
| fθ(Pii′)− µyii′ |

2
2, (1)

where µk denotes the k-th cluster centroid, and yii′ represents the assigned cluster
label of the i-th point in the i’-th point cloud.
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(2) M-step: With fixed latent variables, we optimize the model parameters by training
with cluster assignments as pseudo-labels:

min
θ

∑ LCE(gϕ( fθ(Pii′)), yii′), (2)

where LCE is the cross-entropy loss function, and gϕ represents the non-parametric
classifier parameterized by cluster centroids ϕ.

3.3. Component-Level Learning
3.3.1. Component Constructor

According to recognition-by-components theory [38] and the Gestalt law of proxim-
ity [39], humans perceive point clouds with consistent geometric and appearance properties
as components before recognition, considerably simplifying the recognition process. Mo-
tivated by this observation, we propose to decompose point clouds into components,
transforming the pointwise classification task into a component-level classification task to
facilitate subsequent model learning.

However, directly extracting components from point clouds poses considerable chal-
lenges. While existing unsupervised superpoint segmentation algorithms offer a straight-
forward approach, their spatial regularization constraints (e.g., VCCS’s [77] uniformly
distributed voxel seed points with voxel connectivity regularization, or cut-pursuit’s [78] λ

spatial regularization parameter) make it difficult to extract meaningful components. This
difficulty results in either over-segmented superpoints with high homogeneity but small
size or under-segmented superpoints that are large but semantically mixed.

Given the massive and irregular distribution of points in point cloud data Pi, we
propose an efficient component construction method. To simplify component extraction,
we leverage existing superpoint segmentation algorithms to obtain small superpoints with
high geometric-appearance purity, transforming the complex task of extracting compo-
nents from points into extracting components from superpoints. Specifically, we employ
VCCS [77] as the baseline superpoint segmentation algorithm. VCCS integrates geometric,
appearance, and spatial connectivity cues through voxel-based seed initialization and
local region growing, which effectively maintains local geometric consistency and yields
compact superpoints with high purity. This characteristic aligns well with our component
construction goal—starting from fine-grained, homogeneous superpoints and progressively
merging them into semantically consistent components. Preliminary experiments across
various scenes further confirm that VCCS consistently generates stable and reliable over-
segmentation results, providing a robust foundation for subsequent hierarchical learning.
On the basis of these superpoints, we compute adjacency relationships and merge adjacent
superpoints with consistent geometric and appearance properties into components.

Our component construction process consists of two main stages: initial superpoint
partitioning and component formation through merging. Given a room point cloud P i,
we first decompose it into superpoints with geometric and appearance homogeneity
S i

1,S i
2, . . . ,S i

j , where S i
j represents the j-th superpoint in the i-th point cloud. Subsequently,

we merge these superpoints into larger components based on geometric-appearance consis-
tency through a two-step procedure. The first step identifies adjacent superpoint pairs by
computing their spatial proximity. Specifically, we define the adjacency set A(Sj) for each
superpoint Sj as follows:

A(Sj) =
{
Sj′ | d(Sj,Sj′) < ϵd

}
, (3)

where d(·, ·) represents the Euclidean distance between the closest points of superpoints,
and ϵd serves as a distance threshold.



Remote Sens. 2025, 17, 3589 8 of 22

The second step examines both appearance and geometric consistency between adja-
cent superpoints. We establish the criteria for merging:

|cj − cj′ | < ϵa ∩ cos(nj, nj′) > ϵg, (4)

Here, for each superpoint Sj containing Nj points, we compute its mean color cj and

mean normal nj as follows: cj =
1

Nj
∑

Nj
i=1 ci, nj =

1
Nj

∑
Nj
i=1 ni, where j′ indexes the adjacent

superpoints in A(Sj), the notation | · | denotes the L2 norm measuring color difference,
and cos(·, ·) represents the cosine similarity between normal vectors.

Adjacent superpoints satisfying these consistency criteria are merged to form compo-
nentsM, expressed as follows:

Mi
1,Mi

2, . . . ,Mi
k ←− S

i
1,S i

2 . . . ,S i
j , (5)

This comprehensive component construction approach addresses several limitations
of existing superpoint segmentation algorithms. Notably, it fully incorporates appearance
information, distinguishing it from traditional VCCS [77] and region-growing [79] methods.
The resulting components provide reliable prior knowledge that substantially benefits
subsequent model learning stages. Figure 3 shows an example of components for the raw
point cloud.

Figure 3. Example of components constructed by superpoint partitioning and superpoint graph
merging. In the superpoint graph, different colors represent distinct superpoints segmented by VCCS,
which are subsequently merged through the graph structure. In the resulting components map,
different colors correspond to higher-level components obtained after the merging process.

3.3.2. Component Descriptor

The core idea of DeepCluster [73] leverages the inductive bias of 2D ConvNets through
EM optimization to enhance feature representation. For 3D point clouds, we employ 3D
sparse convolutional networks as feature extractors. However, given the sparsity of 3D
point cloud data and considerably smaller dataset sizes compared with carefully curated
2D images, relying solely on 3D network inductive bias makes it challenging for models to
learn to distinguish different component categories from scratch. While PointDC employs
cross-modal distillation requiring 2D information, such methods are difficult to extend to
scenarios with only 3D data.

Therefore, we propose constructing component descriptors as prior knowledge to
guide model learning, helping the model understand unlabeled data in unsupervised
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settings. Intuitively, components with the same semantics share similar geometric and
appearance properties. Thus, we design our component descriptor to capture both aspects.

Geometric Properties

Component geometric properties encompass shape, size, and spatial distribution.
For shape-size characteristics, considering that components consist of points with normal
consistency and to simplify feature description, we represent shape using cuboids, de-
scribing shape-size information through bounding box (BB) dimensions length (l), width
(w), and height (h). A key observation is that gravity’s downward force determines
objects’ vertical (z-axis) distribution characteristics, which are crucial for their structure
and function. On the basis of this observation, we aim to preserve components’ vertical
distribution information.

Common approaches for representing component shape-size properties using bound-
ing boxes include axis-aligned bounding box (AABB) and oriented bounding box (OBB).
While AABB preserves height information along the vertical z-axis (gravity direction), its
axis alignment may overestimate actual component size for rotated or tilted objects. OBB
preserves size properties well but poorly maintains vertical height information. To over-
come these limitations, we design a novel bounding box, termed ZBB, that simultaneously
preserves height attributes and size information. In our experimental setting, the datasets
are pre-aligned with gravity, ensuring that the global z-axis corresponds to the true vertical
direction. Under this setup, most objects remain approximately upright, and ZBB is thus
designed to be yaw-invariant: it maintains vertical extent along z while determining the
in-plane orientation and dimensions via PCA on the XY projection. This design effectively
balances the vertical stability of AABB with the in-plane accuracy of OBB, providing a
consistent and comparable geometric reference across different scenes.

For spatial distribution, component categories should be invariant to XY-plane dis-
tribution, focusing primarily on vertical distribution information. Specifically, given a
componentMk obtained from Section 3.3.1, our approach consists of several computa-
tional steps. We first compute the principal component in the XY-plane to determine the
BB orientation, followed by projecting the component onto this principal direction to obtain
length and width dimensions (l > w). Subsequently, we utilize the difference between hmax

and hmin along the vertical direction to compute the height, while also employing hmin and
hmax as spatial distribution features, denoted by H. The ZBB dimensional parameters are
computed as follows: 

l = max(pi · θ)−min(pi · θ)
w = max(pi · θ⊥)−min(pi · θ⊥),
h = hmax − hmin

(6)

where pi = (xi, yi) represents component points projected onto the XY plane, θ denotes
the PCA principal direction in the XY plane with θ⊥ as its orthogonal direction, and
hmax = max(zi), hmin = min(zi) are the maximum and minimum height values, respec-
tively. Figure 4 demonstrates ZBB’s remarkable advantages over conventional bounding
boxes (AABB/OBB) in preserving geometric fidelity.

The spatial distribution feature H and the complete geometric descriptor are defined
as follows:

H = [hmin, hmax], (7)

Geometry-Descriptor(Mk) = [ZBB, H]. (8)

We denote the component dimensions as ZBB and the vertical spatial distribution as H,
combining them as the geometric descriptor.
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Figure 4. An example of component bounding box construction, including OBB, AABB, and ZBB.
Each color-coded bounding box represents a component.

Appearance Properties

We use the mean color of points within the component as the appearance descriptor:

ck =
1

Nk

Nk

∑
i=1

ci. (9)

The final component descriptor combines geometric and appearance representations,
termed the GA descriptor.

Our geometric representation incorporates vertical attributes, providing rotational
invariance around the z-axis while helping the model better understand physical principles
in real-world scenarios, improving comprehension of complex scenes and classification
accuracy. The GA descriptor guides model learning by explicitly considering components’
geometric-appearance features, helping identify different components and reducing learn-
ing difficulty. To ensure numerical consistency among physical attributes, each component’s
GA descriptor is normalized before being concatenated with neural network features to
form enhanced component representations for subsequent clustering.

How can we obtain component-level semantic information from these components?
A direct strategy would be to cluster the enhanced component features into the actual
number of object categories using existing clustering algorithms. However, considering
that different instance objects comprise one or more components, and some components
belonging to different category objects may be similar, this approach is too aggressive and
prone to early-stage misclassification which is difficult to correct. Therefore, we cluster
components into a larger number of categories. By clustering components across all scenes,
we obtain component-level semantic information.
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3.4. Component to Object-Level Learning

How do we transform component-level semantic information into actual object-level
semantic information? A straightforward approach would be to re-cluster the obtained
component semantic classifier into the number of object categories as the final classifier.
However, considering that instance objects consist of multiple components, directly apply-
ing this method leads to suboptimal performance. We observe that different components
constituting a complete instance object are adjacent and exhibit feature correlation. We aim
to address this through adjacent component growth. However, without explicit supervision
labels to constrain component growth into instance objects, achieving accurate one-step
growth is challenging. Therefore, we propose a heuristic progressive clustering algorithm
based on adjacent component growth.

Our approach begins with a pre-training phase following the EM algorithm described
in Section 3.2, where component descriptors guide the training of a feature extractor with
enhanced representation capability. The subsequent progressive growth process consists of
three main steps that iterate until reaching a predetermined maximum ratio grmax.

At time step t with growth ratio grt, we first obtain meaningful representations
of current components Mt−1

j through the feature extractor. Component adjacency is

determined by computing pairwise distances and applying a threshold ϵd:

A(Mk) =
{
Mk′ , |, d(Mk,Mk′) < ϵd

}
, (10)

where d(·, ·) denotes the Euclidean distance between the closest points of components.
For adjacent components, we compute feature similarity using their neural representations:

sim(Mk,Mj) =
fk · fj

∥fk∥2∥fj∥2
. (11)

On the basis of these computations, we construct a component adjacency graph
G = (V , E) where edge weights correspond to feature similarities. The growth process
starts from an initial graph G0 at each iteration. We sort edge weights in descending order
and merge the top-k adjacent component pairs, as formulated by

Mt
1,Mt

2, . . . ,Mt
k

top-k grow←−−−−−−Mt−1
1 ,Mt−1

2 , . . . ,Mt−1
j , (12)

where top-k = grt × Ncp represents the number of component pairs to merge, adaptively
scaled by the current growth ratio.

Following the component growth phase, we execute the EM steps: clustering current
component featuresMt

k to obtain pseudo-labels (E-step) and training the model with these
labels for a fixed number of epochs (M-step). The growth ratio increases with each iteration
(grt+1 > grt) until reaching grmax.

Our approach avoids cross-spatial region merging errors through explicit adjacency
constraints and adaptively adjusts merging granularity for different scenes. While previous
work such as GrowSP employed similar ideas, our approach differs in the following ways:
First, while GrowSP relies on Kmeans clustering for superpoint reduction within individual
rooms, our method explicitly leverages adjacency relations for component growth. Second,
instead of applying fixed cluster numbers across all rooms, we adaptively adjust growth
based on room-specific component counts, providing increased flexibility in handling
varying scene complexities.
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3.5. Implementation
3.5.1. Training Phase

We first construct components from given point clouds and generate component
descriptors. The components then enter the clustering phase where component descriptors
promote model learning. Additionally, we leverage more meaningful neural features for
progressive growth of adjacent components to obtain improved quality representations.

3.5.2. Inference Phase

We cluster the component-level classifier into the actual category classifier, predicting
one of C categories for each point. Given that true semantic labels are unknown, clustered
labels have a random order compared with true semantic labels. For evaluation, we use the
Hungarian algorithm to match and align them.

4. Experiment
This section introduces the datasets utilized in this study and describes the training con-

figuration of the proposed model. In terms of assessing model performance, the accuracy
of the proposed model was determined by comparing it with those of other state-of-the-art
methods. Ablation studies conducted within this work demonstrated the rationality of the
proposed model design.

4.1. Dataset Description and Experimental Setup

We conduct extensive experiments on two benchmark datasets: S3DIS [36] and Scan-
Net++ [80].

S3DIS [36] contains 271 scenes with 13 semantic classes. Following the official protocol,
we train on Areas 1, 2, 3, 4, and 6 then evaluate on Area 5. For fair comparison with
GrowSP [34], we exclude the clutter class and evaluate on the remaining 12 classes.

ScanNet++ [80] is a large-scale scene dataset featuring high-fidelity 3D geometry
and high-resolution RGB images. The dataset comprises 360 training scenes, 50 valida-
tion scenes and 50 test scenes. While the dataset includes over 1000 unique semantic
classes, we focus on the official top 100 classes and evaluate against existing clustering and
unsupervised methods on the validation set.

Implementation Details: Following GrowSP [34], we employ a 3D sparse UNet [60]
as our backbone architecture. During the construction of components from superpoints,
we empirically set the spatial distance threshold ϵd to 0.05,m, the normalized color dif-
ference threshold ϵa to 0.1, and the normal vector similarity threshold ϵg to 0.98. These
values are chosen based on geometric intuition and preliminary validation. Specifically,
ϵd corresponds to approximately 5–10 times the average inter-point distance, allowing
adjacent superpoints to be connected while avoiding merges across large gaps. ϵa (after
RGB normalization to [0, 1]) represents a perceptible color difference of roughly 25/255 per
channel, which effectively distinguishes materials (e.g., walls vs. doors) while remaining
robust to illumination variation. ϵg corresponds to an angular deviation of about 10°,
providing a reasonable tolerance for planar structures such as walls and floors, ensuring
coplanar regions are merged while tilted surfaces remain distinct. A preliminary sensitivity
analysis conducted within small parameter variations (ϵd: 0.04–0.06 m; ϵa: 0.08–0.12; ϵg:
0.96–0.99) indicated consistent segmentation behavior, suggesting that the chosen settings
are relatively robust. For progressive component growing, the initial growth ratio is set
to 5%.



Remote Sens. 2025, 17, 3589 13 of 22

For evaluation metrics, we adopt the standard mean intersection-over-union (mIoU),
overall accuracy (OA), and mean accuracy (mAcc) across all classes. All the evaluation
indices are defined as follows:

OA =
∑N

i=1 TPi

∑N
i=1(TPi + FPi + FNi)

(13)

mAcc =
1
N

N

∑
i=1

TPi
TPi + FNi

(14)

mIoU =
1
N

N

∑
i=1

TPi
TPi + FPi + FNi

(15)

where TPi represents the number of correctly classified points in class i, FPi denotes the
number of points from other classes misclassified as class i, FNi denotes the number of
points in class i misclassified into other classes, and N is the total number of categories.

Specifically, OA measures the overall classification correctness of all points, mAcc
measures the average classification accuracy across categories to reduce the effect of class
imbalance, and mIoU measures the overlap ratio between predictions and ground-truth
labels, which is widely used in semantic segmentation evaluation.

4.2. Comparison with Current Methods

We conduct a comprehensive evaluation of our approach against established baselines
and state-of-the-art methods in unsupervised point cloud segmentation. The baseline
comparisons include RandCluster, which employs Kmeans clustering on per-point features
extracted from a randomly initialized backbone network, and Vanilla Kmeans, which
directly clusters raw 3D points incorporating spatial coordinates and color information.
We further compare against leading unsupervised methods, specifically GrowSP [34]
(implemented with original settings as reported) and MSC [64] (utilizing Kmeans clustering
with MSC pre-trained features). To validate our methodological contributions rigorously,
we augment evaluation by incorporating our proposed component-level constraints and
descriptors into vanilla Kmeans and MSC frameworks, denoted as van Kmeans-M and
MSC-M, respectively. We also evaluate variants that integrate our GA features, termed
van Kmeans-M-GA and MSC-M-GA. This systematic evaluation framework enables us to
assess the efficacy of our innovations independently and in combination across different
clustering paradigms.

Tables 1 and 2 demonstrate the effectiveness of our unsupervised approach across
two challenging datasets. On the S3DIS dataset, our method achieves state-of-the-art
unsupervised performance with 79.68% overall accuracy and 48.69% mIoU, approach-
ing the performance of fully supervised methods such as PointNet++ [50] (77.5% OA,
50.1% mIoU) without requiring any annotations. Compared with the previous best un-
supervised method GrowSP [34], we achieve improvements of 4.29% in mIoU and 2.64%
in mean accuracy. The effectiveness of our methodological components is evidenced by
consistent improvements when integrating them into baseline methods: incorporating
component-level constraints and GA descriptors enhances vanilla KMeans’ mIoU from
7.90% to 22.13% and, similarly, improves MSC from 19.55% to 32.15%. We also compare
our method with a concurrent work, U3DS3 [81], which reports 42.8% mIoU, 55.8% mAcc,
and 75.5% OA on S3DIS, and our approach achieves better performance.
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Table 1. Quantitative results of our method and baselines on the Area-5 of S3DIS dataset.

Method oAcc(%) mAcc(%) mIoU(%)

Randcluster 33.62 19.28 10.50
van Kmeans [26] 23.96 15.97 7.90
van Kmeans-M [26] 34.12 23.79 12.71
van Kmeans-M-GA [26] 63.73 33.17 22.13
MSC [64] 41.90 29.97 19.55
MSC-M [64] 62.28 44.49 28.80
MSC-M-GA [64] 69.16 42.23 32.15
GrowSP [34] 78.40 57.20 44.40
CGHP(Ours) 79.68 59.84 48.69

Table 2. Semantic segmentation results on ScanNet++ dataset [80]. We evaluate 100 categories on the
validation set.

Method oAcc(%) mAcc(%) mIoU(%)

Randcluster 17.08 4.35 1.39
van Kmeans [26] 7.45 5.59 1.28
van Kmeans-M [26] 18.09 8.21 1.97
van Kmeans-M-GA [26] 34.85 12.22 4.25
MSC [64] 10.38 9.35 2.53
MSC-M [64] 27.71 15.02 4.82
MSC-M-GA [64] 43.90 13.32 5.32
GrowSP [34] 61.24 16.16 8.43
CGHP(Ours) 56.21 17.51 9.19

On the more challenging ScanNet++ dataset with a much larger semantic space, our
method achieves superior performance, with 17.51% mean accuracy and 9.19% mIoU
compared with previous unsupervised approaches. While experiencing a slight decrease
in overall accuracy, we demonstrate improved performance in mean accuracy and mIoU,
indicating more balanced performance across all categories. Compared with S3DIS, the per-
formance shows a noticeable decline on the more challenging ScanNet++ dataset. This
performance degradation is largely attributed to the significantly greater complexity of
ScanNet++, which encompasses 100 semantic categories (compared to 13 in S3DIS) and
highly cluttered, fine-grained scenes. Despite this increased difficulty, our method still
achieves competitive results, comparable to fully supervised methods such as PointNet [59]
(7% mIoU) and PointNet++ [50] (15% mIoU), on this complex dataset.

These results validate our two-stage learning approach, demonstrating robust perfor-
mance on standard benchmarks and generalization to more challenging scenarios with
larger semantic spaces. Qualitative results (Figure 5) further validate the superiority of
our approach.

4.3. Ablation Studies

To validate each module of our pipeline, we conduct comprehensive ablation experi-
ments on the S3DIS dataset, as summarized in Table 3.

First, we examine the necessity of our component descriptor by removing it while
maintaining all other settings. Second, we investigate the importance of the progressive
growth mechanism by eliminating the component-to-object growth phase. Third, we study
the impact of different component clustering numbers by evaluating three settings: 100, 300,
and 500 clusters. Finally, we analyze the sensitivity to growth ratios by testing four different
values: 10%, 15%, 20%, 25%, and 30%.
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Figure 5. Qualitative comparison of unsupervised segmentation on S3DIS validation set (Area 5).
Ground truth labels and predicted clusters are color-matched for comparison. Corresponding
semantic mappings are annotated in the legend.

The ablation results demonstrate the critical role of each component in our framework.
Removing the component descriptor leads to a considerable decrease in mIoU from 48.69%
to 40.46%, while eliminating the component-to-object growth mechanism results in a
performance drop to 42.24% mIoU. These substantial degradations highlight the essential
nature of both components in achieving optimal performance. Hyperparameter analysis
reveals that the framework performs optimally with 300 component clusters, achieving
48.69% mIoU, while maintaining stable performance with 500 clusters. Regarding the
growth ratio, the best segmentation performance is achieved at 15%, while both smaller
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and larger ratios lead to degradation. This trend arises from the unsupervised nature of
our framework: when the growth ratio becomes too large, the merging process loses fine-
grained control, causing semantically inconsistent components to be combined incorrectly.
Conversely, overly small ratios restrict the merging of semantically related regions, resulting
in fragmented object representations.

Table 3. Ablation study on S3DIS Area-5.

oAcc(%) mAcc(%) mIoU(%)

(1) Remove Component Descriptor 72.90 50.83 40.46
(2) Remove Component Growth 75.53 55.10 42.24
(3) Component Cluster Num-100 79.91 55.64 43.35
(4) Component Cluster Num-300 79.68 59.84 48.69
(5) Component Cluster Num-500 79.62 56.88 46.17
(6) Growth Ratio-10 75.32 56.73 44.85
(7) Growth Ratio-15 79.68 59.84 48.69
(8) Growth Ratio-20 77.10 59.03 46.30
(9) Growth Ratio-25 76.67 58.62 45.24
(10) Growth Ratio-30 78.30 55.31 43.87

These results clearly validate the importance of each component in our pipeline, par-
ticularly highlighting the importance of the component descriptor and growth mechanism
in achieving superior performance.

5. Discussion
The proposed CGHP framework sheds light on how structured priors can be sys-

tematically integrated into unsupervised point cloud analysis. Unlike prior unsupervised
methods that either rely heavily on handcrafted geometric cues or adapt 2D self-supervised
paradigms, CGHP explicitly incorporates a hierarchical learning process that more closely
mirrors human perception. This design demonstrates that progressively bridging local con-
sistency and global semantics can be a powerful alternative to direct object-level clustering.

One notable implication of our results is that unsupervised 3D segmentation can
significantly benefit from hybrid strategies that combine descriptive priors with data-driven
learning. While fully supervised methods depend on exhaustive annotations, and purely
self-supervised methods often struggle with ambiguity in irregular point clouds, CGHP
shows that leveraging component-level structures as intermediaries can mitigate both
extremes. This perspective opens up opportunities to rethink the role of domain knowledge
in unsupervised representation learning.

We further observe that our unsupervised method achieves comparable mIoU per-
formance to the fully supervised PointNet++ on S3DIS, and to better understand this
phenomenon, we visualize the learned feature spaces. We employ UMAP [82] to reduce the
backbone features of a fully supervised 3D sparse UNet [60], which is adopted here to main-
tain architectural consistency with our unsupervised framework, into three dimensions and
project them onto the point cloud. Similarly, we apply the same dimensionality reduction
to the backbone features learned by our unsupervised framework. As shown in Figure 6,
both feature spaces exhibit strong semantic consistency—points belonging to the same
semantic category tend to cluster together. However, their spatial distributions differ signif-
icantly. The supervised model forms compact, label-driven clusters organized explicitly
by semantic annotations, whereas our unsupervised method arranges features according
to component-level geometric and spatial regularities. These regularities, such as the sep-
aration of walls, doors, and furniture, naturally align with semantic boundaries, which
explains why CGHP can achieve performance comparable to supervised methods despite
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the absence of labels. This finding suggests that the component structure representations
learned by CGHP capture spatial and geometric cues that partially overlap with the seman-
tic features learned in supervised networks. Rather than replicating label-based semantics,
CGHP derives highly interpretable and semantically coherent structural representations di-
rectly from the data through component construction and hierarchical aggregation, serving
as an implicit bridge between structural regularities and semantic understanding.

Figure 6. Visualization of learned feature spaces on the S3DIS dataset. Colors represent feature simi-
larities in the projected three-dimensional UMAP space, where points with similar colors correspond
to features with higher semantic or structural consistency.

To further evaluate the generalization ability of CGHP, we transfer the backbone
trained on the S3DIS dataset to another dataset, ScanNet, which contains diverse scene
structures and object arrangements. We visualize the learned feature spaces using UMAP
to examine semantic consistency across datasets. As shown in Figure 7, the supervised
backbone exhibits weak generalization, with feature clusters becoming less coherent when
applied to unseen data. In contrast, our unsupervised CGHP maintains clear and well-
clustered semantic structures, indicating that it effectively captures dataset-invariant geo-
metric–structural regularities rather than overfitting to dataset-specific semantics. These
findings demonstrate that CGHP learns transferable structural representations that gener-
alize across diverse 3D scenes without requiring any label supervision.

Nevertheless, several challenges remain. The reliance on heuristic aggregation may
limit robustness across diverse datasets, and the descriptors employed, though effective,
cannot fully capture higher-level semantic relations such as functional similarity between
different objects. In addition, our framework is primarily designed for static datasets;
extending it to dynamic environments requires further research. In dynamic scenarios,
point clouds often contain moving objects and suffer from temporal inconsistency and
occlusion, which complicate component construction and semantic consistency. Future
extensions of CGHP could incorporate temporal information to maintain coherence across
frames or leverage multimodal data (e.g., LiDAR–camera fusion) to provide complementary
cues for robust dynamic scene understanding.

Future efforts could focus on integrating CGHP with adaptive thresholding and
attention-based mechanisms to dynamically balance geometric and appearance constraints,
thereby improving robustness across datasets with varying densities, noise levels, and illu-
mination conditions. In addition, incorporating graph-based reasoning modules could fur-
ther enhance scalability and generalization by enabling more explicit modeling of structural
dependencies among components. Another promising direction is to explore cross-modal
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extensions, such as integrating point clouds with textual or multimodal cues, which could
reduce reliance on handcrafted descriptors while maintaining annotation-free learning.

Figure 7. Visualization of learned feature spaces on the ScanNet dataset. Colors represent feature sim-
ilarities in the projected three-dimensional UMAP space, where points with similar colors correspond
to features with higher semantic or structural consistency.

6. Conclusions
We have presented a novel component-guided hierarchical progressive framework

for unsupervised 3D point cloud semantic segmentation. Our approach introduces sev-
eral key innovations: (1) a component construction strategy that effectively leverages
geometric and appearance consistency; (2) comprehensive GA descriptors that capture
crucial physical properties including gravity-aligned distribution information; and (3) an
adjacency-constrained progressive growth mechanism that bridges component-level and
object-level semantics. Extensive experiments demonstrate that our method achieves com-
petitive performance on S3DIS and ScanNet++ datasets, approaching the performance of
supervised methods in some metrics.

The success of our approach highlights the importance of incorporating human vi-
sual perception principles and physical constraints in unsupervised learning frameworks.
The component-level learning strategy, guided by GA descriptors, provides reliable prior
knowledge that remarkably enhances feature learning, while the progressive growth mech-
anism effectively addresses the challenges of direct object-level semantic learning.
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Abbreviations
The following abbreviations are used in this manuscript:

PFH Point Feature Histograms
GA Geometry Appearance
VCCS Voxel Cloud Connectivity Segmentation
MLP Multi-Layer Perception
EM Expectation Maximization
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