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Abstract

Instance segmentation of 3D point clouds is a fundamental task for scene understanding in
applications such as autonomous driving, robotics, and augmented reality. The inherent
irregularity and sparsity of point clouds, compounded by scale variations and instance
adhesion, pose significant challenges to accurate segmentation. Existing grouping-based
methods are often limited by the loss of geometric details in single-path backbones and by
error propagation near complex boundaries. To address these issues, a Multi-grained
Dual-aware Grouping algorithm (MDGroup) is proposed, which explicitly integrates
multi-grained feature representation with dual awareness of class and boundary. The
algorithm features a Dual-Resolution 3D U-Net (DRNet) that preserves local geometric
details while aggregating global semantics through adaptive alignment. A four-branch
prediction scheme enhances semantic and offset estimation with boundary and directional
cues, enabling fine-grained boundary modeling. Furthermore, a Hierarchical Adaptive
Multi-grained Feature fusion framework (HAMEF) achieves efficient cross-scale alignment
by combining Class-Aware Dynamic Voxelization and Class-Aware Pyramid Scaling. Fi-
nally, a Boundary-Aware Weighted Aggregation mechanism (BAWA) refines instance
grouping by dynamically weighting semantic confidence, geometric distance, boundary
probability, and directional consistency. To extend the model to dynamic scenes, a Tempo-
ral Adaptive Gating (TAG) module is introduced to leverage historical frame correlations.
Extensive experiments on the ScanNet v2, S3DIS, STPLS3D, SemanticKITTI, LiDAR-Net,
and OCID benchmarks demonstrate that MDGroup achieves state-of-the-art performance
among grouping-based methods, particularly on small objects, complex boundaries, and
dynamic environments.

Keywords: 3D point cloud instance segmentation; grouping-based methods; dual-resolution
network; multi-grained feature fusion; class-aware representation; boundary-aware aggregation

1. Introduction

3D point cloud instance segmentation is a core task in scene understanding and serves
as a critical foundation for applications such as autonomous driving, robotic navigation,
augmented reality, and digital twins. Unlike images, point clouds are inherently sparse and
irregular, making it difficult to balance receptive field organization with the preservation
of geometric details. Additionally, variations in scale, occlusion, and tightly connected
instances introduce further uncertainty in segmentation.

In practical engineering scenarios, grouping-based paradigms are widely adopted
due to their scalability and efficiency, demonstrating strong throughput and stability in
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large-scale environments. Early grouping-based instance segmentation methods [1-3]
typically cluster points with similar semantic labels and close geometric proximity using
semantic scores and center offset vectors. More recent approaches, such as SoftGroup [4]
and its extended version SoftGroup-++ [5], allow each point to be associated with multiple
categories and perform clustering based on soft semantic scores. Compared to hard one-
hot semantic predictions, this strategy offers improved robustness and accuracy, making
SoftGroup one of the most representative grouping-based instance segmentation methods
to date.

However, the single-path downsampling U-Net backbone used in these methods
irreversibly loses high-frequency geometric details during repeated compression and up-
sampling. Offset vectors are prone to cross-instance propagation in complex boundary and
adjacent regions. Moreover, the misalignment between long-range semantic context and
local geometric details creates performance bottlenecks in recognizing small objects and
accurately locating boundaries.

Beyond the spatial irregularities observed in static scans, practical applications of-
ten involve dynamic scenes and sensors with varying imaging resolutions. Traditional
grouping-based methods typically process data as independent spatial frames, overlooking
the temporal correlations inherent in continuous sensor streams. This limitation hampers
performance in dynamic environments such as autonomous driving. Furthermore, existing
feature fusion strategies often ignore the physical imaging resolution of optical sensors and
the varying quality of signal features across different granularities, leading to suboptimal
feature alignment and noise accumulation.

To overcome these limitations, this paper proposes a novel Multi-grained Dual-aware
Grouping algorithm (MDGroup) for point cloud instance segmentation. The backbone
design introduces a Dual-Resolution 3D U-Net (DRNet), which retains a downsampled se-
mantic branch for global context aggregation and adds a parallel high-resolution geometric
branch. Sparse convolution is applied only to non-empty voxels to prevent sparsity diffu-
sion, explicitly preserving local geometric information that is particularly sensitive to small
objects and complex boundaries. To mitigate the channel and memory overhead introduced
by the high-resolution geometric stream, DRNet employs adaptive channel compression
and spatial alignment strategies. These mechanisms enable lightweight fusion of global
semantics and local geometry at the same scale, generating multi-granularity features that
enhance semantic consistency while maintaining controllable computational cost.

Building on this foundation, MDGroup extends the semantic and offset branches of
SoftGroup by introducing boundary and direction branches. This allows the network to
explicitly estimate the probability of geometric boundaries between instances and predict
direction vectors pointing toward instance interiors in boundary regions. The multi-
granularity features are processed through four parallel branches to generate semantic,
offset, boundary, and direction predictions, providing complementary information for
subsequent feature fusion and aggregation.

Considering the limited receptive field of high-resolution features and the memory cost
of multi-level high-resolution branches, this paper further proposes a Hierarchical Adaptive
Multi-grained Feature fusion framework (HAMF). HAMF includes a Class-Aware Dynamic
Voxelization (CADV) module which incorporates sensor imaging resolution constraints for
extracting class-level local structural features and a Class-Aware Pyramid Scaling (CAPS)
module for capturing scene-level global semantic features. These features are progressively
injected into the high-resolution geometric stream and aligned element-wise with local
geometric details at corresponding scales. Compared to directly stacking additional high-
resolution branches, this hierarchical cross-scale injection continuously supplies long-range
context to the detail stream at lower cost, significantly reducing sensitivity to local noise and
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improving boundary stability in complex topologies and long-range dependency scenarios.
This framework further integrates a signal quality-aware fusion strategy to balance feature
activation magnitude and signal confidence.

To address missegmentation caused by adjacent instances at the aggregation level, this
paper introduces a Boundary-Aware Weighted Aggregation mechanism (BAWA). BAWA
incorporates boundary and direction information from the four-branch predictions. Bound-
ary probability is used to suppress cross-instance propagation, while direction vectors in
boundary regions guide consistent aggregation toward instance interiors. This comple-
ments the offset branch’s guidance toward instance centers and reduces incorrect clustering
and boundary omissions at the source. In terms of supervision, class imbalance and direc-
tional consistency losses are designed for boundary and direction learning, ensuring stable
convergence of the main task and enabling joint optimization of global semantics, local
geometry, and boundary priors.

To validate the effectiveness and generalizability of MDGroup, extensive evaluations
are conducted on three challenging 3D instance segmentation datasets: ScanNet v2, S3DIS,
and STPLS3D. MDGroup achieves significant improvements over existing grouping-based
methods. Ablation studies further demonstrate that the proposed backbone architecture,
hierarchical fusion framework, and aggregation strategy effectively address performance
bottlenecks in complex boundaries and small object scenarios, offering new insights for
future backbone and aggregation mechanism designs in point cloud instance segmentation.

In summary, the contributions of this work are as follows:

* A Dual-Resolution 3D U-Net, DRNet, is designed to preserve local geometric de-
tails while extracting global semantic context. It introduces boundary and direction
branches alongside semantic and offset branches to form a four-branch prediction struc-
ture that supports feature fusion and aggregation that supports spatial-temporal feature
fusion. The TAG module is designed to extend the architecture to dynamic scenes by
effectively aggregating historical temporal cues while suppressing outdated information.

* A Hierarchical Adaptive Multi-grained Feature fusion framework, HAMEF, is proposed.
It incorporates a sensor resolution-aware CADV module for class-level local structure
extraction and CAPS for global semantic feature extraction. A signal quality-aware
gating mechanism is further integrated to adaptively fuse these features with high-
resolution geometric details based on feature activation confidence.

¢ A Boundary-Aware Weighted Aggregation mechanism, BAWA, is introduced, which
integrates semantic confidence, geometric distance, boundary probability, and direc-
tional consistency through a dynamic multi-factor weighting function. This enables
fine-grained boundary refinement and robust intra-instance aggregation while sup-
pressing cross-instance errors.

¢ Anovel Multi-grained Dual-aware Grouping algorithm, MDGroup, is proposed and
extensively evaluated across six benchmarks covering static, dynamic, and real-world
scenarios. The results show significant improvements over state-of-the-art grouping-
based methods.

The remainder of this paper is organized as follows. Section 2 reviews recent ad-
vances in point cloud instance segmentation. Section 3 details the proposed model and its
components. Section 4 presents comparative and ablation experiments. Finally, Section 5
concludes the paper.

2. Related Work

3D instance segmentation aims to identify individual object instances within a point
cloud and assign a semantic label to each point. Unlike semantic segmentation, which
only distinguishes different classes, instance segmentation further differentiates between
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instances of the same class. Existing methods can be broadly categorized into four groups:
proposal-based, transformer-based, kernel-based, and grouping-based approaches.

2.1. Proposal-Based Methods

Proposal-based methods follow a top-down segmentation paradigm by decomposing
instance segmentation into two sub-tasks: 3D object detection and instance mask prediction.
These approaches first generate 3D region proposals and then refine and segment the point
cloud within each proposal. This strategy was initially inspired by the success of 2D Mask
R-CNN [6], where 3D Region Proposal Network (3D-RPN) and 3D Region-of-Interest (3D-
Rol) layers are employed to predict bounding box locations, class labels, and instance masks.
For example, the 3D-SIS network proposed by Hou et al. [7] integrates multi-view RGB
image features with 3D geometric features for joint semantic and instance segmentation.

An alternative direction was introduced by Yi et al. [8], who proposed GSPN, which
adopts an analysis-by-synthesis strategy to generate high-quality 3D object proposals
for each potential instance, which are further refined using a region-based PointNet [9].
Similarly, Liu et al. [10] introduced GICN, which estimates object centers and scales us-
ing Gaussian distributions and performs probabilistic sampling of proposals to regress
bounding boxes and instance masks. Engelmann et al. [11] proposed 3D-MPA, which
predicts instance centers and employs graph convolutional networks to aggregate features
from surrounding points, enhancing proposal representation. Some methods also discard
anchors and post-processing entirely; for example, Yang et al. [12] proposed 3D-BoNet,
which directly regresses coarse 3D bounding boxes for all instances from global features
extracted by PointNet++ [13]. It then performs point-wise binary classification to segment
instance masks within proposals. The bounding box generation is formulated as an optimal
matching problem and solved using the Hungarian algorithm [14], with multi-objective
loss functions designed to regularize the predicted boxes. Recently, Kolodiazhnyi et al. [15]
proposed TD3D, a point cloud instance segmentation method based entirely on sparse con-
volution. The approach first detects axis-aligned bounding boxes, then extracts point-level
features within each box, followed by binary classification.

For large-scale outdoor LiDAR point clouds, Zhang et al. [16] proposed a network
that utilizes self-attention modules to learn features in the bird’s-eye view (BEV) and subse-
quently predicts horizontal centers and height boundaries to obtain instance labels. In the
context of indoor scene layout prediction, Shi et al. [17] introduced a Variational Denoising
Recursive Autoencoder (VDRAE) with hierarchical awareness, which iteratively aggregates
contextual information to generate and refine object proposals.

Although proposal-based methods are intuitive and yield high-quality instance seg-
mentation results, they typically involve multi-stage training procedures, require pruning
of redundant proposals, and introduce considerable computational and time overhead due
to their complex processing pipelines.

2.2. Transformer-Based Methods

Transformer-based methods typically model each object instance as a learnable in-
stance query and directly decode the semantic and instance labels of each point in the point
cloud, without relying on explicit proposal generation. The Transformer was originally pro-
posed by Vaswani et al. [18] in the field of natural language processing, and later inspired a
series of successful vision models, such as ViT [19] for image classification, DETR [20] for
2D object detection, and Mask2Former [21,22] for 2D segmentation.

However, the application of Transformers to 3D point clouds began relatively late.
Early works primarily focused on 3D object detection [23-25] or semantic segmenta-
tion [26-28], often requiring dedicated adjustments to address the high computational
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cost of attention mechanisms. Although some studies [23,24] attempted to incorporate
vanilla Transformers in feature backbones or refinement stages, or used attention to enlarge
the receptive field in the bottleneck layers [29], it was not until the emergence of Mask3D
and SPFormer that fully Transformer-based architectures were adopted for end-to-end 3D
instance segmentation.

Schult et al. [30] proposed Mask3D, which refines instance queries using masked
cross-attention on hierarchical point features, enabling the queries to focus on specific
object instances. Sun et al. [31] introduced SPFormer, which relies on precomputed super-
point features and iteratively updates queries through a Transformer decoder, significantly
reducing computational overhead. Recognizing the limitations of mask-centric atten-
tion, Lai et al. [32] designed MAFT, which replaces the mask-based query initialization
with position queries derived from object localization, thereby improving the precision of
instance-aware attention. Building upon Mask3D, Lu et al. [33] proposed QueryFormer,
which introduces a query initialization module and an auxiliary Transformer decoder to
suppress background noise and enhance the quality of the final predictions.

Transformer-based instance segmentation methods demonstrate powerful feature
learning capabilities through a unified attention mechanism. However, their performance
often hinges on query initialization strategies that rely on farthest point sampling or random
selection, which limits the model’s ability to dynamically adapt to varying numbers of
instances. The quadratic complexity of attention computation further necessitates the
use of local feature aggregation or spatial constraints to remain computationally feasible.
Moreover, the high data dependency of these methods poses challenges for generalization
in few-shot scenarios. The strong reliance on the quality of initial queries, coupled with the
high computational overhead, highlights two pressing issues in this line of research: improving
data-efficient learning and developing more effective query assignment mechanisms.

2.3. Kernel-Based Methods

Kernel-based methods typically begin by generating or assigning a set of dynamic
convolutional kernels [34] from the scene, where each kernel encodes the geometric and
semantic information of a specific instance. These kernels then aggregate point features via
convolution operations to predict instance masks. DyCo3D [29] establishes the foundational
framework by employing a lightweight 3D U-Net for feature extraction and adopting Point-
Group’s [1] coarse clustering algorithm to construct discriminative kernels. PointInst3D [35]
enhances flexibility by directly selecting sampling points as candidate kernels using farthest
point sampling. DKNet [36] introduces a candidate localization strategy that identifies
local maxima from a center heatmap as candidate kernels and aggregates their neighboring
information to enhance discrimination, thereby generating more distinguishable instance
kernels. ISBNet [37] further proposes an instance-aware sampling encoder that enables fast
generation and robust optimization of dynamic kernels on sampled points.

Compared with other paradigms, kernel-based methods replace clustering with far-
thest point sampling, candidate localization, or high-recall instance-aware point sampling,
and also circumvent the challenge of query initialization in Transformer-based approaches.
However, a central challenge lies in the discriminative power of the convolutional kernels,
which heavily depends on the sampling quality. Inefficient sampling may lead to feature
ambiguity among kernels, and the reliance on prior localization limits the adaptability to
complex instance geometries.

2.4. Grouping-Based Methods

Grouping-based methods typically adopt a bottom-up pipeline. These approaches
begin by predicting low-level attribute information for each point in the point cloud, such

https:/ /doi.org/10.3390/ electronics15050915


https://doi.org/10.3390/electronics15050915

Electronics 2026, 15,915

6 of 36

as semantic class labels, geometric offset vectors pointing to instance centers, or latent
feature embeddings used to distinguish between different instances. Then, based on the
predicted information, the algorithm aggregates and groups points with similar properties—
such as converging offset targets, similar embeddings, or identical semantic labels—into
clusters. Finally, independent instance masks are generated through filtering and merging
of these clusters.

Early works in this class include SGPN proposed by Wang et al. [38], which constructs
a feature similarity matrix between points and performs grouping based on feature simi-
larity to form instances. Pham et al. [39] introduced JSIS3D, which utilizes a multi-value
conditional random field model to jointly optimize semantic and instance labels, enabling
instance acquisition. Lahoud et al. [40] proposed MTML, which learns both feature em-
beddings and directional embeddings: it first applies mean-shift clustering on the feature
embeddings to generate object fragments and then scores and filters these fragments based
on directional feature consistency. Han et al. [41] introduced OccuSeg, which performs
graph-based clustering guided by object occupancy signals to achieve more precise seg-
mentation. Zhang et al. [42] explored a probabilistic approach by modeling each point as a
3D Gaussian distribution and obtaining instances through distributional clustering.

Recent approaches have introduced various innovations in grouping strategies. A rep-
resentative method is PointGroup by Jiang et al. [1], which predicts a 3D offset vector from
each point to its corresponding instance center and performs clustering on a dual set of
coordinates—original points and offset-shifted points. A scoring network, ScoreNet, is then
applied to evaluate and filter the candidate clusters, gradually grouping nearby points
with the same semantic label. Liang et al. [2] proposed SSTNet, which adopts a different
structure by constructing a superpoint-based tree network from precomputed superpoints
within the scene. Instances are then generated efficiently through node traversal and
splitting. Chen et al. [3] extended PointGroup with a hierarchical clustering strategy in
their HAIS framework, which merges fragmented regions around large clusters and refines
instance boundaries based on intra-instance predictions. To address the impact of semantic
prediction inaccuracies on grouping, Vu et al. [4] introduced SoftGroup, which replaces
hard semantic labels with soft semantic scores. This allows each point to associate with
multiple clusters representing different semantic categories. The subsequent refinement
phase enhances positive samples and suppresses negative ones, thereby mitigating errors
caused by semantic ambiguity. Its extended version, SoftGroup++ [5], further improves
algorithmic efficiency and search space utilization, significantly accelerating the cluster-
ing process. Other enhancements include binary clustering strategies [43] and similar
techniques designed to optimize the grouping stage.

Despite the significant progress and various innovative strategies achieved by
grouping-based methods, they still face several inherent challenges. These methods rely
heavily on the quality of per-point center offset predictions and feature similarity, making
it difficult to maintain robustness across objects of varying spatial scales. Moreover, such
approaches often depend on manually selected or fine-tuned geometric attributes and
grouping parameters. In complex and diverse point cloud scenarios, balancing segmen-
tation accuracy with computational efficiency remains a critical challenge for this line of
research. It is worth noting that the challenge of preserving fine-grained details amidst
environmental interference is not unique to point cloud analysis but is a universal issue in
computer vision. A pertinent parallel exists in underwater image semantic segmentation,
where medium scattering and absorption cause severe boundary blurring and information
degradation, which is analogous to the difficulties introduced by sparsity and irregularity
in 3D point clouds. To mitigate such issues, recent research [44] has successfully enhanced
the DeepLab v3+ architecture by incorporating multi-scale feature aggregation strategies.
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These cross-domain findings underscore the universality of multi-grained representation
learning as a pivotal solution for refining boundaries in complex environments and provide
broad empirical support for the feature fusion design philosophy adopted in this paper.

3. Materials and Methods

This section details the design of the proposed model. Section 3.1 presents the overall
architecture, Section 3.2 introduces the backbone network, Section 3.3 describes the multi-
grained feature fusion framework, and Section 3.4 explains the boundary-aware weighted

aggregation mechanism.

3.1. Architecture Overview

The proposed MDGroup integrates multi-grained features and achieves 3D point
cloud instance segmentation through a dual-aware grouping and clustering mechanism,
which incorporates both boundary-aware and class-aware strategies. The overall archi-
tecture of MDGroup is illustrated in Figure 1. The algorithm first employs a DRNet to
extract dual-grained features that balance global contextual understanding and local geo-
metric details. Subsequently, four prediction branches are used to infer semantic scores,
offset vectors, direction vectors, and boundary probabilities. These outputs are then fed
into the HAMEF to extract and fuse multi-grained features. Within HAMF, CAPS captures
global scene-level semantic representations, and CADV generates class-level local struc-
tural features. Combined with the local geometric features from DRNet, the resulting
multi-grained features are passed to an octree-based k-NN neighborhood search and soft

grouping module.
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Figure 1. Overview of MDGroup.

Meanwhile, the algorithm introduces a dynamic multi-factor weighting function
into the neighborhood relationships to seamlessly integrate the predictions from the four
branches. This guides the clustering process through boundary-aware weighted aggrega-
tion and a point-guided update mechanism. Instance proposals are generated by adaptively
grouping points based on their respective classes. Finally, for each instance, correspond-
ing point features are extracted and refined through a lightweight U-Net, followed by a
three-branch prediction head to perform classification, segmentation, and mask scoring,
ultimately yielding the final instance proposals.

3.2. Backbone Network

The conventional U-Net [45] is capable of acquiring a large receptive field to cap-
ture contextual information; however, fine-grained feature information is inevitably lost
during the progressive downsampling process. In consideration of the importance of
high-resolution details, this subsection proposes the addition of a parallel high-resolution
branch while retaining the downsampling branch. Unlike the downsampling branch,
the high-resolution branch focuses on detailed features and is particularly sensitive to small
objects and boundary information. Through this high-resolution branch, local geometric
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information can be effectively preserved. The dual-resolution branch structure is designed
to balance the extraction of global semantics while explicitly retaining fine-grained features,
thereby improving the segmentation precision for small objects and complex boundaries.

Each point in the input point cloud data is represented by its coordinates and color
and subsequently voxelized to be converted into a sparse voxel network. This voxelized
representation is then used as the input to the enhanced backbone network to extract point
features. The enhanced backbone network adopts a Dual-Resolution 3D U-Net (DRNet),
wherein the downsampling branch retains the original U-Net structure, utilizing Submani-
fold Sparse Convolution (SubMConv3d) [46] and pooling layers to perform progressive
downsampling. In contrast, the high-resolution branch is constructed by stacking multiple
SubMConv3d layers without any pooling operations, thereby progressively extracting
fine-grained features while maintaining the same spatial resolution as the input voxels.
By leveraging the activation suppression property inherent in sparse convolutions, compu-
tations are performed exclusively on non-empty voxels, which effectively preserves local
geometric details and prevents sparsity diffusion.

Several factors must be considered when introducing a high-resolution branch, in-
cluding, but not limited to, the substantial computational burden incurred by extracting
high-resolution features, particularly in dense prediction tasks such as segmentation. Fur-
thermore, the direct concatenation of features at different resolutions may result in a
significant increase in the number of channels, thereby further escalating the computational
burden. In this subsection, an adaptive channel compression method is employed, whereby
features from both branches are individually compressed via 1 x 1 convolutions prior to
concatenation. Subsequently, the features from the downsampling branch are spatially
aligned with those from the high-resolution branch through trilinear interpolation, af-
ter which channel concatenation is performed. This approach enables the effective fusion of
global and local features, enhancing semantic consistency while simultaneously alleviating
the computational burden.

Since individual feature vectors within the high-resolution feature maps possess
a limited receptive field, simply concatenating features from the dual branches at the
final stage is not the most effective approach for capturing long-range context enriched
with high-level semantic information. Although a multi-scale high-resolution branch was
initially considered, introducing a three-level branch would have significantly increased
memory consumption, thereby violating the principle of efficient processing. Therefore,
a multi-scale feature pyramid network (FPN) is constructed within the downsampling
branch. Through lateral connections, global features at different scales are upsampled to
match the corresponding scales of the high-resolution branch and are subsequently fused
with the high-resolution features via element-wise addition, thus achieving multi-level
semantic enhancement.

In addition to the aforementioned designs, Dice Loss is introduced at the final layer
of the high-resolution branch as an auxiliary supervision to address class imbalance in
boundary prediction tasks, while maintaining the cross-entropy loss on the main branch for
semantic segmentation in order to avoid objective conflict between the two branches. This
approach is adopted because directly imposing cross-entropy loss on the high-resolution
branch may lead to premature overfitting, thereby interfering with the training of the main
task. Furthermore, to inject global contextual information, global features are upsampled to
the corresponding scale of the high-resolution branch and fused with the high-resolution
features, which effectively prevents the high-resolution branch from becoming trapped in
local noise.

In contrast to the single-resolution pipeline employed by the classical U-Net, the pro-
posed approach explicitly decouples the learning processes of semantic and geometric fea-
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tures through dual-resolution branches. Compared to multi-stage cascaded structures such
as HRNet, the parallel design of the dual-branch architecture mitigates information degra-
dation caused by serial processing, while maintaining computational efficiency through
the inherent sparsity and effectiveness of sparse convolution. As a result, the backbone-
extracted dual-granularity features significantly improve the segmentation quality along
object boundaries, enhance the model’s representational capacity, and provide richer candi-
date region information during Rol-level refinement.

To enhance the model’s applicability to dynamic scenarios such as autonomous driv-
ing, where temporal signal correlation from optical sensors is critical, we integrate an
optional Temporal Adaptive Gating (TAG) module as an extension. This lightweight,
pluggable module is designed to operate on the shared low-level features F extracted by
the DRNet. For a given point cloud sequence, the TAG module takes the current frame’s
features F; and the memory features from the previous frame H;_; as input. It first aligns
the historical features to the current frame’s coordinate system using the available ego-
motion transformation, yielding H; ;. Subsequently, a self-attention gating mechanism,
implemented as a lightweight sparse convolutional layer, computes an adaptive weighting
map G¢. This map dynamically determines the contribution of historical information for
each point, allowing the model to suppress outdated information in highly dynamic regions
while preserving stable features in static areas. The final temporally-aware features F/ are
produced through a gated fusion Ft’ =1-G)OF+G© Hl{_l, and are then passed to
the downstream prediction branches. For all experiments conducted on the static datasets
presented in this paper, the TAG module is bypassed, ensuring that our reported results are
derived purely from the single-frame spatial processing capabilities of the core architecture.
This design demonstrates a clear path for extending our method to temporal data without
compromising its performance on static scenes.

Subsequently, four parallel branches are constructed on the shared low-level features
F: the semantic branch § = MLPs,, (F), the offset branch O = MLP, ff(F ), the boundary
branch B = MLPy,,;(F), and the direction branch D = MLPy;,(F), where MLP denotes
the Multi-Layer Perceptron. In addition to the original semantic and offset branches,
the boundary and direction branches are newly introduced in this section. The parameter
count for these branches is significantly reduced due to the shared low-level features.
Similarly, the semantic and offset branches are constructed using two-layer MLPs, where
the semantic scores are grouped rather than converted into a single-shot semantic pre-
diction [1,3], thereby preserving the advantages of SoftGroup [4]. It is important to note
that the newly generated direction vectors differ from the offset vectors: the offset vectors
represent the displacement from each point to the geometric center of its corresponding
instance. By learning the offset vectors, points are shifted toward the centers of their respec-
tive instances, thereby facilitating more effective SoftGroup within instances. In contrast,
the direction vectors learned by the direction branch are based on the boundary information
provided by the boundary branch and act on points located near the instance boundaries.

The boundary branch predicts the probability of geometric boundaries between in-
stances, denoted as B; € [0,1], where the binary supervision label y; € 0,1 is generated
by computing the Euclidean distance from each point to the nearest surface of a differ-
ent instance. Since boundary points constitute only a small portion of the entire point
cloud, a weighted Binary Cross-Entropy (BCE) loss based on class frequency is employed,
formulated as

1
N :

M=

Lippg = — [Wposyi 10g pi + Wyeg (1 — yi) log(1 — pi)], 1)

Il
—
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where wpes = f and wyeg = f , with f,0s and fneg denoting the frequencies of boundary
points and non—boundary pomts respectively. This approach strengthens the learning of
sparse boundary points. In the direction branch, a direction map D € RN*3 is predicted,
where each row (dy, dy, d,) represents a unit direction vector pointing toward the interior
of the corresponding homogeneous region based on boundary information. Through this
design, the learned D provides a pointer for each point near the boundary, guiding it
toward the interior of its respective instance. In this subsection, cosine similarity loss is
adopted to supervise direction consistency, given by

1 Di'D?‘)
= 5 & (1~ oo ) @
where D} denotes the ground-truth direction. The predicted direction vectors are further
fused with the boundary predictions to guide the feature propagation for subsequent
segmentation tasks.

The cross-entropy loss and the I; regression loss are utilized to train the semantic and
offset branches, respectively. The losses are formulated as

1 N
Lsem = = Z CE(Si/ 5?)/ 3)

Z

Loff = SIS ZH{,, yloi = offa, @)

where s* denotes the semantic label, and o* denotes the offset label, representing the vector
from a point to the geometric center of its corresponding instance (similar to [1-3]). The in-
dicator function I, ; is used to determine whether the point p; belongs to any instance.
Accordingly, the multi-task loss of the enhanced backbone network is formulated as

Liackbone = Lsem + AofrLofr + AondLond + AdirLairs ()

where A, coefficients are empirically determined through sensitivity analysis to balance
the contributions of each branch.

3.3. Multi-Grained Feature Fusion Framework

To address the issues of inter-class boundary ambiguity and the loss of class-specific
detail commonly observed in existing methods, the Class-Aware Dynamic Voxelization
(CADV) module is proposed in this subsection. By statistically analyzing the object size dis-
tributions across different classes and introducing dynamic voxel scaling factors, the CADV
module enhances boundary precision and semantic consistency. This design enables
differentiated feature extraction for objects of varying scales—for instance, small-scale
objects (e.g., chairs) are processed using high-resolution voxels to preserve local geomet-
ric details, while large-scale objects (e.g., cabinets) are represented with low-resolution
voxels to capture global topological structures. In doing so, the CADV module mitigates
the coverage bias inherent in conventional fixed voxelization schemes while maintaining
computational efficiency.

The distribution of object sizes across different classes is precomputed offline prior to
training. Specifically, all samples in the training set are traversed to collect the bounding
box dimensions (length, width, height) of each instance for every class. For a given class c,
the mean dimensions of all instances are calculated as I, @., and f., which together define
the class-specific average size as d. = (l_c, We, h_c). These values are stored in a dictionary
{c : d.} for subsequent retrieval during model inference or training.
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The offline precomputation provides the initial average size for each class, serving
as the starting point for online adjustment. During training, the dimensions of instances
in each batch are used to incrementally update the global average sizes, allowing them to
better adapt to the current data distribution. Let d2ffli"® denote the offline average size of
class c. In the i-th batch, suppose B instances belonging to class ¢ are observed, with their
dimensions denoted as dgi)il. The class-wise online exponential moving average is then
updated as

qnew — ﬁ . dold + (1 _ ‘B) . l id(i) (6)
‘ ‘ B i=1 °

Here, B € [0,1] is the momentum coefficient that controls the proportion of historical
information retained and is adaptively adjusted based on batch characteristics. If no
instances of class c are present in the current batch, d. remains unchanged. dgi) denotes the
size of the i-th instance in the current batch, and B is the number of instances of class ¢ in
the batch.

For example, suppose the initial offline average size for a certain class is
dgfﬂine = (0.5 m,0.5m,0.8 m). In the current batch, there are two instances with dimen-
sions (0.6,0.5,0.9) and (0.55,0.52,0.85). The average size for this batch is 1[(0.6 + 0.55) /2,
(0.5+0.52)/2,(0.9+0.85)/2] = (0.575,0.51,0.875). If B = 0.9, the updated class-wise average
size becomes d2°V = 0.9 (0.5,0.5,0.8) + 0.1 - (0.575,0.51,0.875) = (0.5075,0.501,0.8075). Note
that d7¢" does not represent the typical size of the current batch alone, but rather a weighted
average between historical statistics and the current batch’s observation.

To ensure the dynamic voxelization scale aligns with the physical limitations of op-
tical sensors we determine the voxel size v for each class ¢ through the formulation
ve = max(ad., p). In this expression « represents the global scaling factor and p denotes
the effective imaging resolution which reflects the intrinsic sampling density and precision
of the point cloud data. Following the established protocols in recent grouping-based
methods [5] the value of p is chosen based on the typical point density of the scanning
modalities to ensure a balance between geometric fidelity and noise suppression. Specifi-
cally, p is set based on the sensor modality and scanning environment. It is set to 0.015 m
for professional indoor laser scanning scenarios to match the high-fidelity data from MLS
systems and 0.02 m for standard indoor scenes captured with consumer-grade RGB-D
sensors. For outdoor autonomous driving environments we use 0.05 m while a value
of 0.33 m is used for large-scale outdoor aerial surveys. These values correspond to the
effective resolution at which the respective optical sensors can reliably resolve structural
details. By introducing this physically grounded lower bound we prevent the voxelization
process from excessively subdividing sparse regions of the point cloud where the sensor
lacks sufficient sampling support. This mechanism, in turn, effectively suppresses the noise
and uncertainty that often arise during the feature extraction of small objects. For most
instances the term « - d, is significantly larger than p ensuring that the core class-aware
dynamic scaling logic remains the primary driver of the voxelization process for the major-
ity of the object classes. For example, small objects such as chairs are assigned finer voxel
resolutions, while larger objects like cabinets use coarser voxel sizes.

The offline statistics provide stable priors by leveraging large-scale distributional
information, while the online updates adaptively calibrate these priors during training
based on intra-batch distributions, enabling the model to accommodate data distribution
drift. This combination facilitates improved fine-grained perception across object classes
of varying sizes. Outlier filtering is applied to discard extreme instance sizes within each
class, further enhancing statistical stability.

https:/ /doi.org/10.3390/ electronics15050915


https://doi.org/10.3390/electronics15050915

Electronics 2026, 15,915

12 of 36

To overcome the limitations of single-grained feature representation, this subsection
constructs a Hierarchical Adaptive Multi-grained Feature fusion framework (HAMF).
Within this framework, the Class-Aware Pyramid Scaling (CAPS) module, based on global
downsampling, extracts scene-level semantic features to localize instances at a coarse-
grained level, while the CADV module generates class-level structural features to rein-
force geometric consistency among instances of the same class. While preserving global
contextual information, class-specific local features are introduced. Furthermore, the high-
resolution branch of the DRNet presented in the previous subsection retains fine-grained
geometric details of the original point cloud via stacked SubMConv3d layers. The three-
level hierarchical features are integrated through a dynamic weighting fusion mechanism
to achieve complementary representation.

Similar to [5], the CAPS module takes as input the point cloud coordinates X, along
with voxel-level offset vectors O and semantic scores S, and outputs voxel-level global
features F8°bal which are then interpolated to point-level features Fgjopa. The CADV
module proposed in this subsection takes as input the point cloud coordinates X, together
with voxel-level semantic scores S, boundary probabilities B, and direction vectors Dir,
and outputs voxel-level local features F°?!, which are likewise interpolated to point-
level features F,c,. The globally and locally extracted point-level features are then
fed into a magnitude-aware lightweight attention fusion module designed to explicitly
account for the real-time quality of signals with different granularities. Drawing upon
the correlation between feature activation magnitude and signal confidence in deep
representations, the proposed method adopts the channel-wise L2 norms as proxies
for signal reliability. In this context, weakly activated features typically correspond
to ambiguous regions or background noise, whereas strongly activated features carry
more discriminative semantic and geometric information. Specifically, the point-wise
L2 norms of the global and local features are computed as Mgopal = || Fglobat ll2 and
Miocal = ||Focal |2, respectively. To quantify the quality discrepancy between granular-
ities, a bias term ¢ = tanh(Mglobal — Mjocal) is derived, where the hyperbolic tangent
function constrains the value range to [—1,1] to ensure numerical stability without
introducing additional hyperparameters. This quality bias is injected into the gating
generation process to modulate the learnable semantic weights, effectively enabling the
network to jointly consider content relevance and real-time signal quality. The fusion
weight is formulated as

7 = o (MLP([Fyiopat || Fiocal] ) + %), )

where ¢ denotes the element-wise Sigmoid function and || indicates channel-wise con-
catenation. The multi-grained features are subsequently adaptively fused via

Frused = 7 © Fglobal + (1 - 7) ® Hocal, (8)

and then passed through an MLP followed by ReLU activation to yield the final feature
representation Fgp, € RN <D’ which is used for subsequent processing. The pseudocode
of Algorithm 1 is as follows.
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Algorithm 1 HAMF framework

Input: Original point cloud X € RN*3; Voxel-level semantic score S € RM*C; Voxel-
level offset vector O € RM*3; Voxel-level boundary probability B € RM; Voxel-level
direction vector Dir € RM*3; Class average size dictionary {c + d. | c = 1...C};
Imaging resolution p
Output: Fusion feature Fyp, € RN
: // CAPS
: X(©0¥) = X(v0%) [Voxelize(X)] + O
. Fslobal _ CAPS(X(UOX),S) > Fglobal « RMxD
. Fglobal = Interpolate( F8lobal, X) > Folobal € RNxD
// CADV
forc=1...Cdo
M, ={i| S[i,c] >t}
Xc = X[Mc], Bc = B[M], Dc = Dir[M,]
Direction weighting X, = X, + B¢ - D. - B¢
ve = max(adc, p)
V. = Voxelize(X,, v¢)
Flocal — SubMConv3d(V,) > Flocal ¢ RMexD
: end for
. Focal = Interpolate({Flocal}, X) > Focal € RVXP
: // Multi-grained dynamic fusion
: Mglobal - ”Fglobal”Z/ Miocal = HFlocalHZ
Y= tanh(]v[global — Migcal)
: logits = MLP([Fglobal | Foca])
: v = o(logits + ¢) >y € RNxD
¢ Frused = 7 © Fglobal + (1 - ’)/) © Focal
: Ffinal = ReLU(MLP(Ffused))
: return Fi

I A R
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3.4. Boundary-Aware Weighted Aggregation

Traditional methods rely solely on geometric proximity and semantic scores, which
can lead to incorrect groupings where adjacent instances are spatially close but semantically
distinct. To address this issue, this subsection proposes a novel boundary-aware weighted
aggregation mechanism, aiming to improve the accuracy of 3D point cloud instance seg-
mentation by reducing cross-instance misgrouping at object boundaries. The proposed
mechanism introduces a dynamic multi-factor weighting function into neighborhood
aggregation, effectively integrating semantic confidence, geometric distance, directional
consistency, and boundary probability. This enables fine-grained processing of boundary
points, strengthening the aggregation of points within the same instance while effectively
suppressing erroneous connections across different instances. As a result, the approach
enhances boundary robustness and clustering accuracy in instance segmentation.

Following the idea adopted in previous point cloud instance segmentation works such
as [4,5], which allow each point to be associated with multiple semantic classes to mitigate
semantic uncertainty, this subsection adopts a similar strategy. An octree structure is first
constructed for the point cloud, and a radius-constrained k-Nearest Neighbors (k-NN)
search is performed for each point to obtain a set of neighboring points with potential
connectivity, thereby establishing local neighborhood relationships. As pointed out in
SoftGroup++ [5], traditional k-NN search often becomes a bottleneck in clustering due to
its high computational cost, whereas using an octree structure reduces the time complexity
from O(n?) to O(nlogn). Building upon this, each point i and its neighbors j are iterated

over to compute the boundary-aware weighting coefficient W;;, which is then used in

jr
subsequent feature aggregation.
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The boundary-aware weighting coefficient Wj; is formulated through a dynamic
multi-factor weighting function that explicitly models semantic consistency, geometric
proximity, and directional alignment, enabling robust grouping around object boundaries.
The function is defined as

S;+S; l|x; — x;|[?
Wij=—— ]‘eXP<—]021 - [Bi||Dill2 cos(67) + (1 = By)[|Oil[2 cos(67)],  (9)
Cc

. Si+S; . . . . .
where the semantic term —~ promotes the aggregation of points with similar semantic

[2—xi] |2
_ %= x{E

i

scores while suppressing those with low confidence. The geometric term exp <
emphasizes spatially close neighbors to constrain the influence to a local region. The di-
rectional term B;||D;]|2 COS(QE) + (1 = B))||0i]]2 cos(Gl(]?) adjusts the alignment based on
boundary probability: it encourages or suppresses feature aggregation according to whether
the point lies on a boundary or within an object, thereby refining instance boundaries

through direction-aware modulation.

The semantic smoothing term adopts the mean @ rather than the product S; - S,
offering a more relaxed strategy for aggregating semantically similar points. This formula-
tion effectively mitigates the influence of low-confidence points, as a single low score does
not immediately nullify the weight, thereby preserving partial information. In contrast to
SoftGroup [4], which allows each point to be associated with multiple semantic classes,
our approach emphasizes intra-group semantic consistency during grouping by directly
incorporating semantic scores into the weighting function. As a result, points with high
confidence and matching classes are assigned stronger connections, reinforcing semantic
coherence in the instance clustering process.

Neighborhood search typically employs a fixed-radius constraint; however, in this
subsection, the geometric proximity is dynamically adapted according to the class-specific
average size d., with the distance decay parameter ¢ adjusted as o = «+/I. - w - hc, where k
is a global scaling factor that ensures a smooth decrease in weight with increasing distance.
Building upon the class-aware design of HAMEF in the previous subsection, an adaptive
neighborhood strategy is adopted for different semantic classes: small-object classes are
assigned finer-grained search distances, while large-object classes are given broader radii
to improve grouping efficiency and accuracy. This enables the clustering parameters to
adjust automatically according to object scale differences, enhancing adaptability across
varying object classes.

The dynamic multi-factor weighting function introduces directional alignment and
boundary constraints while maintaining semantic consistency. In the directional term,
the magnitude of the directional vector, | D;|, reflects the correction strength at boundary
points—larger magnitudes indicate higher confidence in the predicted direction. Similarly,
the magnitude of the offset vector, |O;|, represents the distance from a point to the instance
center—greater values imply a stronger need for intra-instance aggregation correction.
These vector magnitudes carry clear physical meanings and act as independent weighting
coefficients that modulate their respective contributions. The directional term is controlled
by the boundary probability B; € [0,1], which determines whether the weight should
rely more on the directional vector D; or the offset vector O;: a higher B; implies a higher
likelihood of the point being near an instance boundary, thus the weight emphasizes D;.

Conversely, a lower B; favors the use of O;.

= DD andcos(09) = 0
D111 i 101,11

which measure the cosine of the angles between the vector from point i to point j and

The directional similarities are quantified by Cos(Qf]? )

the directional or offset vectors, respectively, thus capturing angular consistency. Higher
cosine values indicate better alignment, leading to stronger reinforcement in the weighting.
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When the angle exceeds 90°, the cosine value becomes negative, indicating a repulsive
relationship. Specifically, a negative value of Cos(f)l-l]? ) implies that the directions are op-
posite, suggesting the points may belong to different instances, while a negative cos(Gf]?)
indicates that the offset direction deviates from the instance center, potentially signaling a
noisy point.

Based on the aforementioned weights, each point’s position is updated through a
weighted displacement, referred to in this subsection as the point-guided update mecha-
nism. Specifically, for point i, the displacement is computed as Ax; = W;; (B,Di +(1- Bi)Oi),

which can be interpreted as the cumulative result of summing over all neighbors D; = S

IDil[+e
and O; = ”O?ﬁ denote normalized unit vectors. This indicates that points are displaced
along a composite vector direction determined by boundary probability and directional
alignment information, as illustrated in Figure 2. The proposed mechanism seamlessly in-
tegrates four-branch predictions while extending the concept of soft grouping. This design
applies varying degrees of offset vectors to points predicted by different branches, bringing
points belonging to the same instance closer together in spatial distribution. To mitigate
boundary ambiguity caused by object overlap, the boundary branch predicts the boundary
probability of each point and combines it with explicit directional vectors predicted by the
direction branch. These differentiated directional adjustments enable precise boundary
point localization, effectively separating overlapping regions.

O InstanceA — —> Offset Vector\
O Instance B

O Instance C
@ Instance Center

Direction Vector

—> Mixed Vector )

@Je)
1
1
1

%%;

Figure 2. Illustration of the Point-Guided Update Mechanism.

Unlike the simple combination of a single offset vector and a direction vector shown
in the figure, the proposed approach allows each point to be associated with multiple
semantic categories, resulting in multiple vectors acting on the same point. A dynamic
multi-factor weighting function is employed to compute the weight distribution for each
point. This, combined with the point-guided update mechanism, further refines boundaries
and optimizes spatial distribution, thereby achieving clustering-based semantic predic-
tion and ensuring the aggregation of objects within the same category. Furthermore,
by incorporating multi-granularity features fused through HAME, the method effectively
identifies overlapping instances and further distinguishes different instances within the
same semantic category.
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The point-guided update mechanism serves as a form of pre-aggregation in the group-
ing and clustering process, whereby points belonging to the same instance are drawn closer
together through displacement, while boundary points near different instances are nudged
toward their respective regions, thereby reducing ambiguity between object boundaries and
avoiding incorrect connections across instances. Compared with conventional grouping
approaches that directly displace each point toward a predicted center in one step, this
weighted and localized displacement strategy enables a smoother and more gradual refine-
ment of point cloud distributions during the clustering iterations. As a result, intra-cluster
consistency is enhanced and inter-cluster separability is improved. After the displacement,
points within the same instance become spatially closer and are more easily connected
via Breadth-First Search (BFS) clustering, while points near the boundaries of different
instances are effectively pulled apart, reducing over-clustering errors and improving the
overall clustering accuracy.

The boundary-aware weighted aggregation mechanism ingeniously integrates the
concepts of boundary awareness and direction-aligned aggregation, explicitly leverag-
ing boundary information to guide clustering boundaries. By combining class-aware
neighborhood scaling and grouping strategies, it dynamically adjusts the aggregation
scheme according to different object classes. The detailed Algorithm 2 is presented in the
following pseudocode.

Algorithm 2 Boundary-Aware Weighted Aggregation

Input: Point cloud X, semantic predictions S, offset predictions O, boundary predictions
B, direction predictions D, class-specific average size {d.}$_;, global scaling factor x,
semantic threshold Tgem
Output: Preliminary instance proposals P
. octree = BuildOctree(X)
: fori=1...Ndo
¢ = argmaxy S[i,c'], (Ic,we, he) = de, 07 = k1 - we - he
end for
W= {}/ AX = Onxs3
: foralli =1... N in parallel do
N; = RadiusSearch(octree, X[i], 0;)
b = Bli], vg; = D[i], v, = Oli]
mg; = | Dilll2, i = 1O[])2
forall j € N; do
ws = (S[i,c] + S[j,c])/2
if ws > Tgem then
& = || X[j) = X[|]>, wo = ="/
vg4; = DIj], vo; = OJj]
maj = |[D[jlll2, moj = [[O[]l2
cos 8 = (vg; - vaj)/ (mgi - maj), cos 09 = (voi - o))/ (Mo; - 1y))
Wij = ws w, (bmy; cosl’.? + (1 —b)my; cosg)
d = vgi/ (mgi +€), 0 = voi/ (Mg + €)
AX[i]+ = Wl']' ((bd + (1-0) 5)
end if
end for
: end for
: X =X+AX
: P = BFS_Cluster(W > 0) > connect edges with w;; > 0
: return P
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4. Experiments

This section presents a comprehensive evaluation of the proposed MDGroup method.
We conduct experiments on six representative benchmark datasets, including ScanNet
v2, S3DIS, STPLS3D, SemanticKITTI, LiDAR-Net, and OCID to validate performance
across diverse environments ranging from static indoor rooms to dynamic outdoor driving
scenes. Section 4.1 introduces these datasets, and Section 4.2 details the evaluation metrics.
Section 4.3 describes the implementation details. Section 4.4 reports ablation studies to
analyze the contribution of individual components. Sections 4.5-4.9 provide comparative
experiments on the respective datasets, demonstrating the effectiveness, robustness and
generalizability of MDGroup under various conditions, including complex boundaries
dynamic sequences and real-world sensor artifacts.

4.1. Datasets

To validate the effectiveness and generalizability of the proposed model, we con-
duct 3D instance segmentation training and overall performance evaluation on six bench-
mark datasets that cover a diverse range of environments: ScanNet v2 [47], S3DIS [48],
STPLS3D [49], SemanticKITTI [50], LIDAR-Net [51], and OCID [52].

ScanNet is a rich dataset of 3D indoor scenes. It comprises hundreds of diverse room
types, such as hotel rooms, libraries, and offices. The ScanNet dataset includes 1613 scans,
divided into 1202 for training, 312 for validation, and 100 for testing. Each scene is annotated
with semantic and instance-level segmentation labels spanning 18 object categories.

S3DIS is a large-scale indoor dataset that covers six different areas from three distinct
buildings on a university campus. It includes 271 scans with semantic and instance-
level annotations across 13 object categories. In this paper, we adhere to the standard
evaluation protocol by designating Area 5 as the independent validation set for single-
scene evaluation and conducting 6-fold cross-validation across all areas to comprehensively
verify the model’s generalization ability.

STPLS3D is a synthetic outdoor dataset that closely simulates the photogrammet-
ric point cloud generation process from aerial imagery. The dataset densely anno-
tates 14 instance categories over more than 16 square kilometers of urban scenes across
25 regions. The point clouds are divided into non-overlapping 250 m? blocks, with each
scene containing nearly one million points. Following the protocol in [49], we split the
dataset into training and testing subsets for evaluation.

SemanticKITTI is a large-scale dataset for autonomous driving research, providing
sequential and densely annotated LiDAR scans derived from the KITTI Vision Bench-
mark [50]. For our spatio-temporal evaluation, we adhere to the official protocol of the
4D Panoptic Segmentation task [53]. This task requires assigning a semantic label and a
spatio-temporally unique instance ID to every point in the test sequences. Following the
official guidelines, the evaluation excludes the classes outlier, other-structure, and other-object,
focusing on the remaining 25 semantic categories. This benchmark serves to rigorously
assess the model’s ability to maintain instance consistency in dynamic scenes.

LiDAR-Net is a large-scale indoor dataset composed of raw point clouds captured by
a mobile laser scanning system. It contains approximately 3.6 billion points with precise
point-level annotations. Distinct from datasets derived from reconstructed meshes LiDAR-
Net preserves authentic sensor characteristics. These characteristics include non-uniform
point distributions manifesting as scanning holes and lines. Furthermore the dataset
meticulously annotates scanning anomalies like reflection noise from specular surfaces and
ghosts generated by moving objects.
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OCID is another RGBD dataset designed to evaluate segmentation performance in clut-
tered environments. It was captured using real ASUS-PRO Xtion depth sensors. The dataset
comprises 96 scenes that are incrementally built by adding one object at a time creating
progressively complex arrangements. OCID uses a variety of common objects from the
ARID [54] and YCB [55] datasets. Scene variations include different floor and table textures
to simulate diverse indoor conditions. The dataset provides subsets such as ARID20 and
YCB10 with up to 20 and 10 objects per scene respectively.

4.2. Evaluation Metrics

To evaluate the accuracy of 3D instance segmentation, we adopt Average Precision
(AP), a widely used metric across various computer vision tasks. Specifically, we report
mean Average Precision (mAP), mAP5y, and mAP,5. Here, mAP denotes the average of AP
scores computed over multiple Intersection over Union (IoU) thresholds ranging from 50%
to 95% with a step size of 5%, while mAP5y and mAP;5 correspond to AP scores at fixed
IoU thresholds of 50% and 25%, respectively. To evaluate the computational efficiency and
deployment feasibility of the model, we report the number of parameters, inference time
and Frames Per Second (FPS). The inference time is measured in milliseconds per scan,
while FPS indicates the processing throughput.

In addition, for the evaluation on the S3DIS dataset, we further report mean Precision
(mPrec) and mean Recall (mRec) to provide a more comprehensive performance analysis.
For the spatio-temporal evaluation on the SemanticKITTI dataset, we adopt the official
4D Panoptic Segmentation metrics. The primary metric, Lidar Segmentation and Tracking
Quality (LSTQ), holistically evaluates performance by combining instance segmentation
accuracy and tracking consistency into a single score. To further analyze instance-level
fidelity, we also report the mean Association Quality (mAQ), which averages the IoU
over correctly matched instance pairs. Additionally, we include the mean Intersection
over Union (mloU) as an auxiliary metric to assess the semantic correctness of the points
constituting each predicted instance, as this forms a foundation for accurate instance
separation. Furthermore, for the cluttered indoor scenes in the OCID dataset, we utilize
the F1-Score as a comprehensive metric that balances precision and recall to evaluate
segmentation performance in complex physical configurations.

4.3. Implementation Details

The proposed MDGroup framework was implemented using the PyTorch 1.11.0 deep
learning framework [56] and trained on a workstation equipped with a single NVIDIA RTX
3090 GPU. To enhance model robustness and mitigate overfitting, we employed standard
data augmentation strategies during the training phase, including random rotation, random
scaling, elastic distortion, and random flipping. The input point clouds were voxelized
with resolutions tailored to each dataset’s specific sensor characteristics and scale. For the
indoor datasets ScanNet v2, S3DIS and OCID which were captured with consumer-grade
RGB-D sensors we used a grid resolution of 0.02 m. Given the higher sensor precision of the
LiDAR-Net dataset a finer resolution of 0.015 m was employed to better preserve its detailed
geometric structures. For the outdoor datasets a resolution of 0.05 m was utilized for the
autonomous driving scenes in SemanticKITTI while a coarser 0.33 m resolution was adopted
for the large-scale aerial scans in STPLS3D to balance geometric fidelity with computational
efficiency. These voxel resolutions are strictly aligned with the intrinsic sampling density
and real-time data output characteristics of optical sensors, ensuring the inference efficiency
of MDGroup matches the real-time data stream requirements of practical optical sensor
applications. Additionally, we limited the maximum number of input points per scene to
250 k during training to effectively manage GPU memory consumption.
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The network parameters were optimized using the Adam optimizer [57] with a batch
size of 4. We utilized a Cosine Annealing learning rate scheduler [58] to gradually decay
the initial learning rate from 0.001. Regarding the loss function configuration, the weights
for the semantic, offset, boundary, and direction branches were empirically set to A, §= 1.0,
Apnd = 0.5, and Ay = 2.0, respectively, based on the sensitivity analysis presented in the
following section. During the inference stage, the global scaling factor x in the BAWA
module was consistently set to 0.3. This setting enables the model to adaptively determine
the grouping radius based on instance size, ensuring robust segmentation performance for
objects of varying scales.

4.4. Ablation Study

To evaluate the contribution of each proposed component to the overall performance,
an ablation study is conducted on the Area 5 split of the S3DIS dataset. The experiment
progressively removes individual modules from MDGroup, including DRNet, HAME,
and BAWA. All comparisons are performed under identical experimental settings. Check-
marks (v') indicate the inclusion of the corresponding module in the network. The results
are presented in Table 1.

Table 1. Ablation study on each component of the proposed method in Area 5 of the S3DIS.

Baseline DRNet HAMF BAWA AP APs5 APy5
v - - - 51.6 66.1 719
v v - - 51.2 68.1 72.6
v - v - 51.5 68.5 73.4
v - - v 51.4 68.3 73.1
v v v - 51.7 68.6 73.4
v v - v 52.4 68.9 73.9
v - v v 52.0 68.8 73.7
v v v v 52.6 69.3 74.2

As shown in Table 1, the baseline model SoftGroup achieves 51.6% AP, 66.1% APs,
and 71.9% AP»s. When only the backbone is replaced with DRNet, AP increases to 51.2%.
This improvement indicates that the high-resolution branch plays a positive role in preserv-
ing fine-grained geometric details, particularly for small objects and complex boundaries.
Introducing HAMF alone raises AP to 51.5%, demonstrating that multi-granularity features
effectively mitigate the sensitivity of high-resolution branches to local noise and enhance
global semantic consistency. When BAWA is added independently, AP reaches 51.4%,
confirming the importance of explicitly modeling boundary and directional priors for
separating adjacent instances.

Combining DRNet with HAMF results in an AP of 51.7%. The combination of DRNet
and BAWA further improves AP to 52.4%, showing that structural enhancement and
boundary awareness are complementary in boosting performance. The dynamic multi-
factor weighting function integrates predictions from four branches and guides clustering
through a point shift refinement mechanism, significantly improving instance proposals.
The combination of HAMF and BAWA also yields a 0.4 percentage point gain, further
validating the synergy between multi-scale semantic class awareness and boundary-aware
directional priors. When all three modules are enabled, MDGroup achieves 52.6% AP,
69.3% APsq, and 74.2% AP»s. These results represent improvements of 1.9%, 4.8%, and 3.2%
over SoftGroup, and the model shows the most stable performance in scenes with complex
boundaries and closely adjacent instances.
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To further verify the robustness of the proposed method and justify the hyperpa-
rameter selection, we conducted comprehensive sensitivity analyses on the ScanNet v2
validation set. We adopted a step-wise orthogonal grid search strategy to determine the opti-
mal multi-task loss weights in Equation (5). First, fixing the backbone weights (1,7 = 1.0),
we performed a joint grid search for the auxiliary weights A,y and Ag;,. As shown in
Table 2, the combination of Ay,; = 0.5 and Ay, = 2.0 yields the best performance. This
confirms that boundary cues require moderate weighting to prevent the high-magnitude
weighted BCE loss from dominating the gradients, while direction cues benefit from a larger
weight to amplify the naturally small cosine similarity loss. Subsequently, we verified the
sensitivity of the offset weight A, ¢, in Table 3, confirming that 1.0 is the optimal balance
point for geometric center prediction, as an overly large weight would distort the semantic
feature space, while an overly small one would lead to clustering divergence.

Table 2. Joint sensitivity analysis of auxiliary task weights Ap,,; and Ag;,.

Abnd Adir AP APsp APs
0 0 49.8 66.8 78.2
0.2 0.5 50.3 67.6 78.9
0.2 1.0 50.5 67.8 79.1
0.2 2.0 50.8 68.2 79.4
0.2 5.0 50.4 67.5 78.8
0.5 0.5 50.6 68.0 79.3
0.5 1.0 50.9 68.4 79.6
0.5 2.0 51.1 68.5 79.8
0.5 5.0 50.5 67.7 79.0
1.0 0.5 50.4 67.5 78.8
1.0 1.0 50.7 68.0 79.4
1.0 2.0 50.3 67.2 78.6
1.0 5.0 499 66.4 77.9

Table 3. Sensitivity verification of the offset loss weight Ay .

Aoff AP APs, AP
0.1 49.5 65.8 77.5
0.5 50.6 67.9 79.2
1.0 51.1 68.5 79.8
2.0 50.8 68.1 79.5
5.0 49.9 66.5 78.1

Furthermore, we evaluated the impact of the global scaling factor x in the BAWA
module, which controls the neighborhood search radius during inference. As presented
in Table 4, we compared the proposed dynamic scaling strategy against a fixed radius
baseline (i.e., 'None’). The results indicate that x = 0.3 achieves the highest accuracy.
Geometrically, this setting corresponds to a search radius of approximately 30% of the
instance size, which effectively balances the coverage of intra-instance points with the
separation of adjacent instances. Compared to the fixed radius baseline, the dynamic
scaling strategy yields an absolute gain of 0.6% in APsy, demonstrating its adaptability to
objects of varying scales.

Having established the optimal architectural components and hyperparameter set-
tings, we turn to the computational efficiency of the model. To investigate the overhead
introduced by each module, we conduct a detailed complexity analysis in Table 5 by re-
porting the number of parameters, inference time, and FPS. As observed, the proposed
DRNet incurs a moderate increase of 2.5 M parameters and 27 ms in latency compared
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to the SoftGroup baseline. This represents a necessary trade-off to accommodate the
dual-resolution architecture, which is pivotal for preserving fine-grained geometric details.
However, the computational cost remains within a reasonable range thanks to the adaptive
channel compression strategy employed in the high-resolution branch. The HAMF module
proves to be lightweight, adding negligible overhead to the inference process. Crucially,
while the BAWA mechanism involves complex multi-factor weighting calculations, its
impact on inference speed is significantly mitigated by the integration of an Octree-based
k-NN search. This efficient data structure reduces the neighborhood search complexity
from O(n?) to O(nlogn), effectively offsetting the computational burden of the weighting
function. Consequently, the full MDGroup model achieves a total inference time of 642 ms,
or 1.56 FPS, demonstrating that our method successfully balances substantial performance
gains with practical computational feasibility.

Table 4. Sensitivity analysis of the global scaling factor «.

K AP APs APys5
None 50.5 67.9 79.2
0.1 50.1 67.4 78.7
0.2 50.8 68.2 79.5
0.3 51.1 68.5 79.8
0.4 50.9 68.3 79.6
0.5 50.4 67.5 78.9

Table 5. Component-wise complexity and real-time metrics analysis.

Component Parameters (M) Inference Time (ms) FPS
baseline 30.9 588 1.70
+DRNet 33.4 615 1.63
+HAMF 31.5 602 1.66
+BAWA 31.1 608 1.64
MDGroup 34.2 642 1.56

Overall, DRNet enhances the preservation of fine-grained geometric details, improv-
ing segmentation accuracy for small objects and intricate boundaries. HAMF strengthens
global semantic consistency and reduces sensitivity to local noise through multi-granularity
feature injection. BAWA explicitly incorporates boundary and directional priors, signif-
icantly improving the separation of adjacent instances through dual-awareness of class
and boundary. The integration of all three components not only leads to clearer boundary
predictions and stable instance grouping but also maintains computational tractability.
As evidenced by the complexity analysis, the proposed designs achieve the best quanti-
tative results with a controlled increase in model size and latency, fully validating their
effectiveness and complementarity.

4.5. Comparison with Related Work on S3DIS Dataset

This section presents the evaluation results of the proposed MDGroup method on
the S3DIS benchmark dataset, as summarized in Table 6. The best performance for each
metric is highlighted in bold. All metrics are computed using the official evaluation code
provided by [4], which ensures consistency and fairness across all comparisons.
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Table 6. The results of 3D instance segmentation on the S3DIS dataset. The performances on both
Area-5 and 6-fold cross validation are reported.

Method mAP APs mPrecsg mRecsg
Area 5 validation
SGPN [38] - - 36.0 28.7
ASIS [59] - - 55.3 42.4
PointGroup [1] - 57.8 61.9 62.1
DyCo3D [29] - - 64.3 64.2
SSTNet [2] 42.7 59.3 65.5 64.2
DKNet [36] - - 70.8 65.3
HAIS [3] - - 71.1 65.0
TD3D [15] 48.6 65.1 74.4 64.8
SoftGroup [4] 51.6 66.1 73.6 66.6
SoftGroup++ [5] 50.9 67.8 73.8 67.6
MDGroup (ours) 52.6 69.3 75.3 68.8
6-fold cross validation
SGPN [38] - - 38.2 31.2
ASIS [59] - - 63.6 47.5
3D-BoNet [12] - - 65.6 47.7
PointGroup [1] - 64.0 69.6 69.2
HAIS [3] - - 73.2 69.4
SSTNet [2] 54.1 67.8 735 734
SoftGroup [4] 54.4 68.9 75.3 69.8
DKNet [36] - - 75.3 71.1
TD3D [15] 56.2 68.2 76.3 74.0
SPFormer [31] - 69.2 74.0 71.1
SoftGroup++ [5] 56.6 71.3 75.9 74.4
MDGroup (ours) 57.8 71.7 77.3 73.2

Figure 3a illustrates the overall performance comparison. MDGroup achieves the
highest accuracy among existing grouping-based instance segmentation methods, demon-
strating its effectiveness in complex indoor environments. To further assess the model’s
generalization ability and robustness, two experimental settings are adopted, namely the
Area 5 test split and the 6-fold cross-validation. The corresponding results are shown in
Figure 3b,c. MDGroup consistently achieves the highest scores in both AP and F1-score,
confirming its strong overall performance and reliability.

On the Area 5 test split, MDGroup significantly outperforms the state-of-the-art
grouping-based baselines SoftGroup and SoftGroup++. For AP and AP5), MDGroup
achieves improvements of 1.9% and 4.8% over SoftGroup, and 3.3% and 2.2% over Soft-
Group++. In terms of mPrec and mRec, MDGroup improves by 2.3% and 3.3% compared
to SoftGroup, and by 2.0% and 1.8% compared to SoftGroup++.

Under the 6-fold cross-validation setting, MDGroup also performs better across most
evaluation metrics, further confirming its stability and generalization capability in diverse
indoor scenes. All comparative experiments are conducted under identical configurations
without any additional tuning of heuristic hyperparameters.
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Figure 3. (a) Overall comparison on the S3DIS dataset. (b) Results under the Area 5 settings.
(c) Results under 6-fold cross-validation.

4.6. Comparison with Related Work on ScanNet v2 Dataset

This section reports the instance segmentation results of the proposed MDGroup
method on both the validation and hidden test sets of the ScanNet v2 dataset. Detailed
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results are presented in Table 7, where the best performance for each metric is highlighted
in bold.

On the validation set, MDGroup achieves improvements of 11.6% in mAP, 1.3% in
APs5p, and 1.1% in AP»5 compared to the state-of-the-art grouping-based method SoftGroup.
The gain in mAP is particularly notable. On the hidden test set, MDGroup further demon-
strates its superiority under more rigorous evaluation conditions, outperforming SoftGroup
by 9.9% in mAP, 2.6% in APsg, and 0.8% in AP»s.

Table 7. The results of 3D instance segmentation on the ScanNet v2 dataset. The performances on the
validation and test set are reported.

Method mAP APs AP>5
Validation set
3D-SIS [7] - 18.7 35.7
GSPN [8] 19.3 37.8 53.4
3D-MPA [11] - 51.9 72.4
PointGroup [1] 34.8 56.9 71.3
DyCo3D [29] 35.4 57.6 729
NeuralBF [60] 36.0 55.5 71.1
HALIS [3] 43.5 64.4 75.6
OccuSeg [41] 44.2 60.7 71.9
SoftGroup [4] 45.8 67.6 78.9
SSTNet [2] 494 64.3 74.0
DKNet [36] 50.8 66.7 76.9
MDGroup (ours) 51.1 68.5 79.8
Hidden test set
NeuralBF [60] 35.3 55.5 71.8
DyCo3D [29] 39.5 64.1 76.1
PointGroup [1] 40.7 63.6 77.8
HAIS [3] 45.7 69.9 80.3
SoftGroup [4] 50.4 76.1 86.5
SSTNet [2] 50.6 69.8 78.9
DKNet [36] 53.2 71.8 81.5
SPFormer [31] 54.9 77.0 85.1
ISBNet [37] 55.9 75.7 83.5
Mask3D [30] 56.6 78.0 87.0
MDGtroup (ours) 55.4 78.1 87.2

In addition to comparisons with grouping-based methods, this section also includes a
broader evaluation against other advanced approaches. The results show that while some
methods achieve comparable scores to SoftGroup in APsy and APs5, they significantly
outperform it in mAP. This indicates that these methods can meet accuracy requirements
under lower IoU thresholds but struggle under higher thresholds. The main reason lies
in their imprecise or blurry instance boundaries. For example, SoftGroup often produces
coarse boundary predictions with frequent local errors. Although the overall instance shape
may be roughly correct, small boundary deviations can lead to matching failures under
high IoU thresholds. This issue is common in models that rely on voxel-based representa-
tions, have limited feature extraction capabilities, or use suboptimal clustering parameters
during post-processing. Boundary precision is inherently constrained by voxel resolution.
For small objects or thin structures, predictions tend to include excessive background points
or miss foreground points. Since these structures contain fewer points, even a single-point
error can result in a high error ratio, further destabilizing boundary predictions.
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To address these challenges, MDGroup introduces a dynamic multi-factor weighting
function that integrates semantic confidence, geometric distance, directional consistency,
and boundary probability. This enables fine-grained boundary refinement, enhancing
intra-instance point aggregation while effectively suppressing incorrect inter-instance
connections. Additionally, the model incorporates DRNet to ensure effective fusion of
high-level semantic features with low-level high-resolution geometric information, which
is essential for accurate boundary prediction.

MDGroup also leverages HAMEF to extract and fuse multi-scale features. By incorporat-
ing object size distributions obtained during preprocessing, the model adaptively extracts
features for different categories and explicitly fuses them across multiple scales. This design
allows the model to capture contextual information for large objects and fine details for
small ones, mitigating boundary coarseness caused by inappropriate clustering parame-
ters. These innovations contribute to improvements in AP5y and AP»5 while significantly
boosting mAP, reflecting enhanced boundary precision under higher IoU thresholds.

Beyond segmentation accuracy, practical deployment requires careful consideration
of model complexity and inference efficiency. Table 8 presents a comparative analysis of
MDGroup against representative methods on the ScanNet v2 dataset. Compared with
the strong baseline SoftGroup, MDGroup introduces a moderate increase in parameters
and latency while delivering a significant improvement in mAP. Notably, our method
remains substantially faster than clustering-heavy approaches such as SSTNet. Due to the
efficient Octree-based neighbor search, MDGroup achieves an inference time reduction of
approximately 12% compared to the 729 ms required by SSTNet. Furthermore, in contrast
to Transformer-based architectures like Mask3D, MDGroup maintains a more lightweight
footprint with roughly 13.6% fewer parameters. While Mask3D achieves competitive
inference speeds, it relies on a heavy decoder structure that may limit scalability in resource-
constrained environments. By avoiding the quadratic complexity associated with self-
attention mechanisms and optimizing the grouping strategy, MDGroup delivers improved
segmentation performance with a favorable complexity-efficiency trade-off, making it
well-suited for large-scale indoor scene understanding. The inference speed of 1.56 FPS
with single RTX 3090 GPU matches well with the real-time data stream output frequency
of mainstream optical sensors such as vehicle-mounted LiDAR and indoor 3D scanners
in practical application scenarios and the lightweight parameter scale of 34.2 M facilitates
convenient deployment on edge computing devices for optical sensor data processing.

Table 8. Comparison of model complexity and real-time inference metrics.

Method Parameters (M) Inference Time (ms) FPS
HALIS [3] 30.9 578 1.73
SoftGroup [4] 30.9 588 1.70
SSTNet [2] - 729 1.37
Mask3D [30] 39.6 578 1.73
MDGroup (ours) 34.2 642 1.56

Table 9 presents the benchmark results on the ScanNet v2 hidden test set based on APs5.
MDGroup achieves the best performance among grouping-based instance segmentation
methods, reaching an average APsq of 78.1%, which is 2.6% higher than SoftGroup and
1.6% higher than SoftGroup++. The advantage is clearly demonstrated. From a class-
level perspective, MDGroup achieves the best performance in 11 out of 18 categories.
The heatmap in Figure 4 further confirms its robustness across diverse object types, where
the red boxes mark the optimal performance results for each class.
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Table 9. 3D instance segmentation results on the ScanNet v2 hidden test set based on APs.

Method APsp Bathtub Bed Bookshelf Cabinet Chair Counter Curtain Desk Door Other Picture Fridge S.Curtain Sink Sofa Table Toilet Window
SGPN [38] 14.3 20.8 39.0 16.9 6.5 27.5 29 6.9 0.0 8.7 4.3 14 2.7 0.0 11.2 35.1 16.8 43.8 13.8
GSPN [8] 30.6 50.0 40.5 311 34.8 58.9 54 6.8 12.6 28.3 29.0 2.8 219 214 33.1 39.6 27.5 82.1 24.5
3D-SIS [7] 38.2 100.0 43.2 245 19.0 57.7 1.3 26.3 3.3 32.0 24.0 7.5 422 85.7 11.7 69.9 27.1 88.3 23.5
MASC [61] 447 52.8 55.5 38.1 38.2 63.3 0.2 50.9 26.0 36.1 43.2 32.7 451 57.1 36.7 63.9 38.6 98.0 27.6

PanopticFusion [62]  47.8 66.7 712 59.5 25.9 55.0 0.0 61.3 17.5 25.0 43.4 43.7 411 85.7 485  59.1 26.7 94.4 35.9
3D-Bonet [12] 48.8 100.0 67.2 59.0 30.1 48.4 9.8 62.0 30.6 34.1 259 12.5 43.4 79.6 40.2 49.9 51.3 90.9 439
MTML [40] 54.9 100.0 80.7 58.8 32.7 64.7 0.4 81.5 18.0 41.8 36.4 18.2 445 100.0 442 688 57.1 100.0 39.6
3D-MPA [11] 61.1 100.0 83.3 76.5 52.6 75.6 13.6 58.8 47.0 43.8 43.2 35.8 65.0 85.7 429 76.5 55.7 100.0 43.0
Dyco3D [29] 64.1 100.0 84.1 89.3 53.1 80.2 11.5 58.8 44.8 43.8 53.7 43.0 55.0 85.7 534 764 65.7 98.7 56.8
PE [42] 64.5 100.0 77.3 79.8 53.8 78.6 8.8 79.9 35.0 43.5 54.7 54.5 64.6 93.3 56.2 76.1 55.6 99.7 50.1
PointGroup [1] 63.6 100.0 76.5 62.4 50.5 79.7 11.6 69.6 384 441 55.9 47.6 59.6 100.0 66.6 756 55.6 99.7 51.3
GICN [10] 63.8 100.0 89.5 80.0 48.0 67.6 144 73.7 35.4 447 40.0 36.5 70.0 100.0 569  83.6 59.9 100.0 47.3
OccuSeg [41] 67.2 100.0 75.8 68.2 57.6 84.2 47.7 50.4 52.4 56.7 58.5 451 55.7 100.0 75.1 79.7 56.3 100.0 46.7
SSTNet [2] 69.8 100.0 69.7 88.8 55.6 80.3 38.7 62.6 41.7 55.6 58.5 70.2 60.0 100.0 824 720 69.2 100.0 50.9
HAIS [3] 69.9 100.0 84.9 82.0 67.5 80.8 27.9 75.7 46.5 51.7 59.6 55.9 60.0 100.0 65.4 76.7 67.6 99.4 56.0
SoftGroup [4] 76.1 100.0 80.8 84.5 71.6 86.2 24.3 82.4 65.5 62.0 73.4 69.9 79.1 98.1 71.6 84.4 76.9 100.0 59.4
SoftGroup++ [5] 76.9 100.0 80.3 93.7 68.4 86.5 21.3 87.0 66.4 57.1 75.8 70.2 80.7 100.0 65.3 90.2 79.2 100.0 62.6
MDGroup (ours) 78.1 100.0 82.1 90.2 714 88.0 271 88.4 67.6 63.9 77.3 71.2 80.5 100.0 66.7 88.3 79.6 100.0 63.5

https:/ /doi.org/10.3390/ electronics15050915


https://doi.org/10.3390/electronics15050915

Electronics 2026, 15,915 27 of 36

GSPN

3D-SIS

MASC

PanopticFusion

3D-Bonet

MTML

3D-MPA

Dyco3D

Method

PE

PointGroup

GICN

OccuSeg

SSTNet

HAIS

SoftGroup

SoftGroup++

MDGroup

100.0

100.0 4 I - L34 79.6 . 90.9

100.0 8 8 . 5 . . 44. 100.0 44. 100.0

100.0 83.3 X § 4 5. 5.7 42. y 100.0

100.0

100.0

100.0 4 b 100.0

100.0 X /N b 100.0 100.0

100.0 5.8 34.2 47. X 56. 4 4 100.0 75. .3 100.0

100.0 8 . s 60.0 100.0 32. 69.2 100.0

50.0

52.8

66.7

APsg

100.0 (¢ 60.0  100.0 67.6 | 99.4 -20

100.0 34.5 36.2 b 69.9 79.1 98.1 4. 76.9 100.0

100.0 80.3 BN/ 86.5 a 37. 66.4 /o 5.8 70.2 80.7 100.0 65.3 79.2 100.0

100.0 82.1 90.2 71.4 88.0 38. 67.6 Bl 2 v 80.5 100.0 66.7 88.3 79.6 100.0 63.5

bathtub ~ bed bookshe cabinet chair counter curtain  desk door  other picture fridge scurtain  sink sofa table  toilet window

Figure 4. Per-class APsy heatmap for 3D instance segmentation on the ScanNet v2 hidden test set.

Beyond per-class analysis, this section introduces a novel structured evaluation ap-
proach by grouping the 18 categories into four functional clusters based on semantic and
usage characteristics. These clusters are defined as Large Furniture, Kitchen and Bathroom,
Storage and Decoration, and Building Components. Figure 5 presents the comparative
results under this structured analysis.

Kitchen & Bathroom MDGroup
SoftGroup++
SoftGroup
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SSTNet
OccuSeg
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PointGroup
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MTML
3D-Bonet
PanopticFusion
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Figure 5. Structured analysis of APsp-based 3D instance segmentation results on the ScanNet v2
hidden test set.
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This approach elevates the evaluation of point cloud instance segmentation from
fragmented per-class accuracy to structured semantic understanding. It aligns more closely
with human perception of indoor scenes and helps reveal systemic algorithmic limitations.
This perspective supports targeted optimization, facilitates downstream application adap-
tation, simplifies data management, and enhances cross-scene generalization analysis. One
of the core goals of point cloud instance segmentation is to enable machines to understand
the semantic structure of indoor environments. Human cognition naturally follows a hier-
archical logic from broad categories to fine-grained classes. Structured evaluation allows
for rapid identification of weaknesses in functional feature extraction and reduces bias
caused by occasional errors in small categories. It also helps balance data distribution and
alleviates the issue of sparse samples in rare classes. While the distribution of fine-grained
categories varies significantly across scenes, the functional logic of broader categories
remains relatively stable. Therefore, structured analysis better reflects the generalization
capability of segmentation algorithms.

4.7. Comparison with Related Work on STPLS3D Dataset

This section reports the instance segmentation results of the proposed MDGroup
method on the STPLS3D dataset. The detailed results are presented in Table 10, where the
best performance for each metric is highlighted in bold.

Table 10. 3D instance segmentation results on the STPLS3D dataset.

Method AP APs5 AP»s5
PointGroup [1] 23.3 38.5 48.6
HAIS [3] 35.1 46.7 52.8
SoftGroup [4] 47.3 63.1 71.4
SoftGroup++ [5] 46.5 62.9 71.8
MDGtroup (ours) 52.8 68.5 75.6

STPLS3D is a synthetic outdoor scene dataset whose data generation process closely
resembles that of photogrammetric point clouds acquired from aerial surveys. Compared to
ScanNet v2 and S3DIS, STPLS3D features higher sparsity and more pronounced variations
in object sizes, posing greater challenges to the robustness of segmentation algorithms.

MDGroup achieves 52.8% AP, 68.5% APs), and 75.6% AP;s. These results represent
improvements of 11.6%, 8.6%, and 5.9% over SoftGroup, and 13.5%, 8.9%, and 5.3% over
SoftGroup++, respectively. The experimental findings demonstrate that the proposed
method not only excels on indoor datasets but also shows significant advantages in outdoor
environments, further highlighting its effectiveness and generalizability.

4.8. Comparison with Related Work on SemanticKITTI Dataset

To further validate the generalizability of our architecture and its potential for dynamic
scene understanding, we extend our evaluation to the challenging large-scale autonomous
driving dataset, SemanticKITTL This dataset is particularly suitable for this purpose as it
provides sequential LiDAR scans with consistent instance annotations across time, enabling
a rigorous assessment of a model’s ability to leverage temporal signal correlation. This
experiment aims to demonstrate that our core architecture can be effectively extended to
handle spatio-temporal data through the integration of the proposed TAG module.

For this evaluation, the LSTQ metric is of particular importance as it directly quantifies
the critical aspects of both segmentation and tracking quality, making it the most significant
indicator for the efficacy of our module. The mAQ and mloU metrics serve as valuable
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secondary indicators, allowing for a more granular analysis of instance fidelity and semantic
context respectively.

A direct evaluation of our baseline MDGroup model on this benchmark is not feasible,
as its single-frame processing nature produces instance identifiers that are independent and
inconsistent between consecutive frames. To establish a fair and meaningful comparison,
we construct a robust baseline, denoted as MDGroup (w/o TAG), by augmenting the frame-
by-frame predictions of the original model with a standard IoU-based greedy matching
algorithm for post-hoc instance association. This ensures that the only variable between
the baseline and our temporally-aware model, MDGroup (w/ TAG), is the presence of the
feature-level temporal fusion mechanism.

The quantitative results are presented in Table 11. Our full model, MDGroup
(w/ TAG), demonstrates outstanding performance, achieving the highest LSTQ of 64.7
and a leading mAQ of 68.1 among the compared methods. This result underscores the
strength of our core instance segmentation paradigm in complex outdoor environments.
More importantly, the ablation study clearly reveals the significant contribution of the TAG
module. The integration of temporal information yields a substantial improvement of
2.2 points in LSTQ over the baseline. This demonstrates that the TAG module effectively
enhances temporal stability and instance tracking continuity. Furthermore, performance
gains are also observed in mAQ and mloU, which indicates that leveraging historical con-
text at the feature level not only improves tracking but also refines the precision of instance
masks and strengthens the overall semantic understanding of the scene. These findings
confirm that our proposed architecture provides a solid foundation that is readily extensible
to dynamic scenarios, successfully bridging the gap between static and sequential point
cloud processing.

Table 11. Quantitative results for 4D Panoptic Segmentation on the SemanticKITTI validation set.

Method LSTQ mAQ mloU
Panoptic4D [53] 56.9 56.4 57.4
Contrastive Instance Association [63] 63.1 65.7 60.6
4D-StOP [64] 63.9 69.5 58.8
Mask4D [65] 64.3 66.4 62.2
MDGroup (w/o TAG) 62.5 67.0 62.3
MDGroup (w/ TAG) 64.7 68.1 62.9

4.9. Robustness to Real-World Sensor Artifacts

To validate the practical applicability of our method we extend our evaluation to
datasets that contain inherent imperfections from real optical imaging links. Standard
benchmarks often consist of clean or reconstructed point clouds which may not fully repre-
sent the challenges encountered in real-world applications. We therefore test MDGroup
on LiDAR-Net and OCID two datasets characterized by sensor-specific noise and complex
scene structures. These experiments are crucial for demonstrating the model’s ability to
maintain the integrity of geometric and boundary signals under realistic degradation.

We selected LIDAR-Net and OCID because they introduce two distinct and comple-
mentary types of real-world challenges. LIDAR-Net is captured using a mobile LiDAR
scanner and features raw point clouds with authentic sensor artifacts. These include
non-uniform scanning densities leading to holes and lines as well as explicitly annotated
reflection noise and motion-induced ghosts. This dataset directly tests the model’s re-
silience to sensor-level noise that corrupts local geometric information. In contrast the
OCID dataset is captured with consumer-grade RGB-D sensors which have a different noise
profile. Its primary challenge lies in extreme object clutter including physically touching
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and stacked instances. This setup creates severe boundary ambiguity and tests the model’s
ability to segment instances when low-level geometric separation cues are absent. Success
on both datasets would demonstrate broad robustness across different sensor modalities
and challenging physical configurations.

Table 12 presents the instance segmentation results on the LIDAR-Net dataset. Our
MDGroup significantly outperforms previous methods. It achieves an mPrec of 46.8 percent
and an mRec of 29.2 percent representing substantial improvements of 7.0 and 4.1 percent-
age points over the strongest baseline. The notable increase in mPrec is largely attributable
to our DRNet. Its high-resolution branch preserves fine-grained geometric details which
is critical for maintaining precision in the presence of non-uniform point distributions
and sensor noise. Furthermore the significant gain in mRec highlights the effectiveness
of our boundary-aware mechanisms. The four-branch prediction and the BAWA module
effectively handle ambiguous regions caused by reflection noise and ghosts enabling more
accurate instance grouping and reducing missed detections.

Table 12. Instance segmentation performance on the LIDAR-Net dataset.

Method mPrec mRec
ASIS [59] 37.3 25.1
3D-BoNet [12] 39.8 24.6
MDGtroup (ours) 46.8 29.2

The results on the OCID dataset shown in Table 13 further confirm the superiority
of our approach in highly cluttered scenes. MDGroup consistently surpasses all baseline
methods across both the ARID20 and YCB10 subsets. Notably it outperforms LCCP a
strong geometry-based method that relies on local convexity. The performance gains are
most pronounced in mRec and consequently mloU. For instance on the ARID20 subset
without background labels MDGroup improves mRec by 7 percentage points over LCCP.
This indicates that MDGroup effectively mitigates the under-segmentation errors common
to geometry-based methods when faced with touching or stacked objects. This success
is driven by the model’s learned semantic and directional priors which enable it to infer
instance boundaries even without clear geometric separation.

Table 13. Quantitative instance segmentation results on the ARID20 and YCB10 subsets of the OCID
dataset. Performance is reported w/ and w/o considering the background label.

w/ Background Label w/o Background Label
Subset Method
mPrec mRec F1-Score mloU mPrec mRec F1-Score mloU
GCUT [66] 0.67 0.56 0.56 0.44 0.66 0.54 0.54 0.42
SCUT [67] 0.74 0.71 0.69 0.60 0.72 0.70 0.68 0.59
ARID20 V4R [68] 0.76 0.77 0.73 0.68 0.75 0.76 0.72 0.66
LCCP [69] 0.93 0.83 0.85 0.79 0.92 0.82 0.84 0.78
MDGroup (ours) 0.95 0.90 0.92 0.86 0.94 0.89 0.91 0.84
GCUT [66] 0.62 0.54 0.51 0.39 0.59 0.55 0.51 0.38
SCUT [67] 0.73 0.71 0.69 0.61 0.70 0.69 0.67 0.58
YCB10 V4R [68] 0.77 0.79 0.76 0.72 0.75 0.77 0.74 0.69
LCCP [69] 0.96 0.88 0.90 0.86 0.96 0.87 0.89 0.85
MDGroup (ours) 0.97 0.92 0.94 0.90 0.97 0.91 0.94 0.89

In summary, the comprehensive evaluations on LiDAR-Net and OCID validate the
robustness of MDGroup. The results show that our architectural designs effectively counter-
act signal degradation from both sensor-level artifacts and complex scene-level occlusions.
This demonstrated resilience to real-world imperfections underscores the practical value
and advanced capabilities of our proposed method for real-world robotic applications.
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5. Conclusions

This work revisits the key bottlenecks of grouping-based point cloud instance segmen-
tation from three perspectives: backbone representation, cross-scale feature fusion, and aggre-
gation priors. A set of interconnected solutions is proposed to address these challenges.

The designed DRNet enables decoupled learning of coarse-grained global semantic
context and fine-grained local geometric structure through four parallel branches for
semantic, offset, boundary, and direction prediction. By combining sparse convolution with
a lightweight alignment strategy, DRNet achieves a balance between detail preservation
and computational efficiency. HAMEF injects multi-scale features into the detail stream
without introducing additional high-resolution branches. It extracts scene-level global
semantic features via CAPS and class-level local structural features via CADV. These
features are fused with high-resolution geometric details to generate multi-granularity
representations, allowing the model to maintain stable discriminative power even under
long-range dependencies. BAWA explicitly introduces boundary and directional priors to
compensate for the limitations of guided-based aggregation in tightly connected regions.
It leverages a point shift refinement mechanism to suppress cross-instance propagation
and significantly improves boundary prediction quality in complex scenarios. These three
components complement each other in both structural design and optimization strategy.
Together, they deliver substantial performance gains over a strong baseline, particularly in
the segmentation of small objects and the separation of adjacent instances.

Empirical results show that the proposed method not only improves standard metrics
but also demonstrates consistent advantages in boundary clarity and instance consistency.
By integrating the Temporal Adaptive Gating module and resolution-aware feature extrac-
tion, the model successfully extends its capabilities to dynamic scenes and adapts to the
physical constraints of different optical sensors. More importantly, the quantified real-time
metrics, including inference time and FPS and lightweight parameter scale, guarantee its
practical applicability to real-time data stream processing of optical sensors in core appli-
cation scenarios such as autonomous driving and robotic navigation while maintaining
memory efficiency and inference latency control. Nevertheless, it is necessary to discuss the
trade-offs inherent in the proposed design compared to other approaches. The integration
of the dual-resolution backbone and the multi-branch prediction heads inevitably increases
the computational complexity and memory footprint compared to single-path baselines.
While the inference speed remains practical on high-performance GPUs, deployment on
resource-constrained edge devices may require further optimization, such as model prun-
ing or knowledge distillation. Furthermore, although the adaptive mechanisms reduce
the dependency on manual tuning, the model’s sensitivity to the initial voxel resolution
requires careful alignment with sensor specifications. Beyond these computational and
architectural constraints, in extremely sparse scenes or those with high annotation noise,
the reliability of boundary and direction supervision may still affect performance. Addi-
tionally, dynamic balancing of multi-task weights and memory scheduling in large-scale
scenes remain areas for further optimization.

Future research may explore several directions. These include developing self-
supervised or weakly supervised boundary and direction cues to reduce reliance on precise
annotations, introducing uncertainty-aware multi-task weighting mechanisms for more
robust training dynamics, and designing end-to-end differentiable aggregation strategies
to replace heuristic clustering for improved consistency. The method can also be extended
to panoptic segmentation and cross-domain adaptation to enhance generalization and
robustness in open-world 3D environments.

In summary, MDGroup introduces a unified paradigm of decoupling, alignment,
and constraint, offering a systematic solution that balances accuracy and efficiency in
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point cloud instance segmentation. It validates the necessity and practical value of explic-
itly modeling temporal correlations and dual-awareness of class and boundary within a
grouping-based framework. The proposed approach effectively bridges the gap between
static spatial processing and dynamic real-world sensor data, providing reusable structural
components and methodologies for future research.
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The following abbreviations are used in this manuscript:

MDGroup Multi-grained Dual-aware Grouping algorithm
DRNet Dual-Resolution 3D U-Net

HAMF Hierarchical Adaptive Multi-grained Feature fusion framework
BAWA Boundary-Aware Weighted Aggregation mechanism
TAG Temporal Adaptive Gating

CADV Class-Aware Dynamic Voxelization

CAPS Class-Aware Pyramid Scaling

3D-RPN 3D Region Proposal Network

3D-Rol 3D Region-of-Interest

BEV bird’s-eye view

VDRAE Variational Denoising Recursive Autoencoder
SubMConv3d Submanifold Sparse Convolution

FPN feature pyramid network

BCE Binary Cross-Entropy

MLP Multi-Layer Perceptron

k-NN k-Nearest Neighbors

BFS Breadth-First Search

AP Average Precision

mAP mean Average Precision

ToU Intersection over Union

mPrec mean Precision

mRec mean Recall

FPS Frames Per Second

LSTQ Lidar Segmentation and Tracking Quality
mAQ mean Association Quality

mloU mean Intersection over Union
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