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Enhanced attention-based joint semantic instance

segmentation network for point clouds
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Abstract: Objective With the rapid advancement of 3D sensing technologies such as LIDAR (light detection and ranging)
and depth cameras, large-scale 3D point clouds have emerged as a crucial data source for a wide range of applications,
including autonomous driving, robotic navigation, augmented reality, and urban scene reconstruction. Compared to 2D
images, point clouds offer precise spatial geometry and provide a comprehensive representation of the environment without
perspective distortion. Additionally, they are robust to variations in lighting and texture. Point cloud segmentation plays a

crucial role in scene analysis and interpretation. The segmentation can be categorized into three types: semantic segmenta-
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tion, instance segmentation, and joint semantic-instance segmentation. Semantic segmentation partitions a 3D scene into
informative regions and assigns each region to a specific class. Instance segmentation identifies and separates individual
objects at the point level, including those that belong to the same semantic category. In recent years, researchers have
increasingly focused on combining the two tasks to achieve more consistent and informative scene-level interpretations.
Joint semantic-instance segmentation leverages the intrinsic correlation between semantic and instance-level segmentation,
enabling the two tasks to complement and reinforce each other. In 3D point cloud contexts, this joint approach substantially
improves the capability of the system to comprehend complex environments and offers strong technical support for the devel-
opment of intelligent systems. Consequently, this approach has become an area of growing interest and active research.
However, most existing methods for joint semantic-instance segmentation rely on simplistic feature fusion strategies, which
limit their effectiveness in fully capturing the potential relationship between semantic and instance features. Aiming to
address this limitation, an enhanced attention-based joint semantic-instance segmentation network is proposed. This net-
work is designed to effectively model and utilize the correlation between semantic and instance information. Method The
enhanced attention-based joint semantic-instance segmentation neural network (EAJS-Net) incorporates a semantic feature
extraction module based on an attention mechanism. This module focuses on the local neighborhood of each point and
dynamically adjusts attention weights to emphasize key information, thereby enhancing the extraction of semantic features
across points. Additionally, an attention-enhanced semantic/instance feature fusion module is introduced, which adap-
tively learns the similarity between central and adjacent features. This design reinforces key characteristics and effectively
captures the correlation between instance and semantic segmentation, ultimately improving overall segmentation accuracy.
EAJS-Net integrates PointNet++ and PointConv as its backbone network and comprises three main components : a point fea-
ture enhancement module, an encoder-decoder module, and an enhanced attention-based joint segmentation module. The
input to EAJS-Net includes N X 9 dimensional point cloud data, where N represents the number of points, and the nine
dimensions include coordinate values (XYZ) , color information (RGB) , and normalized coordinates. A semantic feature
extraction module based on an attention mechanism is employed to effectively capture local contextual information between
points. The enhanced features extracted by this module are then fed into the encoding layer, which includes four encoding
modules: one attention pooling-based set abstraction layer adapted from PointNet++ and three feature encoding layers
derived from PointConv. The corresponding decoding layer comprises four decoding modules: three deep feature decoding
layers derived from PointConv and one feature propagation layer from PointNet++. By utilizing the attention pooling-based
set abstraction layer from PointNet++ , the network effectively captures spatial geometric relationships among features.
Through the combination of the encoding and decoding layers, the initial semantic and instance features of the point cloud
are extracted, laying the foundation for accurate joint segmentation. An enhanced attention module is designed to adap-
tively learn the similarity between central and neighboring features through dual attention mechanisms, which dynamically
compute attention weights. These dual attention weights are summed and applied to the initial semantic features, resulting
in enhanced semantic representations. This module is embedded within the semantic branch of the joint segmentation mod-
ule, enabling more effective integration of semantic and instance features to improve joint segmentation accuracy. The
encoded features are then upsampled through two parallel decoder branches to generate an instance feature matrix and a
semantic feature matrix, which serve as inputs to the joint segmentation module. Within this module, the semantic and
instance branches are integrated using the enhanced attention mechanism. The final output comprises instance embeddings
and semantic predictions, supporting precise and consistent segmentation results. Result The proposed network is evalu-
ated on the Stanford large-scale 3D indoor spaces (S3DIS) dataset and ScanNet V2 to assess its performance on point cloud
segmentation tasks. Six fold cross-validation is performed on the S3DIS dataset, and the results of EAJS-Net are compared
with those of the state-of-the-art (SOTA) methods. For semantic segmentation on the S3DIS dataset, EAJS-Net achieves a
mean intersection over union (mloU) of 65.9%, overall accuracy (oAcc) of 89.1%, and mean accuracy (mAcc) of
76.0%. Compared to JSNet++ , these results represent improvements of 3.5% (mloU) , 0.4% (oAcc) , and 3.2%
(mAcc). For instance segmentation, EAJS-Net reaches a weighted coverage rate of 61. 1%, outperforming JSNet++ by
4. 1% (mean weighted coverage, mWCov) , 4. 6% (mean coverage, mCov) , and 1.2% (mean recall, mRec). On the

ScanNet dataset, EAJS-Net improves the mloU for semantic segmentation by 3. 2% and increases the weighted coverage



3916

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 12,Dec. 2025

rate for instance segmentation by 2. 8% compared to JSNet. Visual comparisons between EAJS-Net and other SOTA meth-
ods are also presented, demonstrating that EAJS-Net consistently achieves superior segmentation results, even in complex
indoor scenes. In addition, ablation experiments are conducted to validate the effectiveness of individual modules within
the network. The enhanced attention-based joint segmentation module in EAJS-Net dynamically adjusts attention weights to
effectively capture various features, successfully integrating semantic and instance features into the semantic feature space.
This integration notably enhances the performance of the semantic segmentation task. Conclusion Aiming to address the
limitations of existing feature fusion strategies that fail to fully capture inter-instance semantic correlations, this paper pro-
poses a novel semantic-instance joint segmentation network, EAJS-Net, based on an enhanced attention mechanism. A
new semantic feature extraction module is designed to capture contextual relationships among points. Additionally, an
enhanced attention module is introduced to effectively aggregate instance features into the semantic feature space. This
improved feature fusion strategy boosts the performance of joint semantic-instance segmentation. Experimental results dem-
onstrate that EAJS-Net effectively integrates semantic and instance features, substantially improving the accuracy of both
segmentation tasks compared to SOTA methods.

Key words: deep learning; point cloud; semantic segmentation; instance segmentation; enhanced attention-based mecha-
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feature extraction module
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Table 2 Semantic segmentation results for
6-fold cross-validation
/%

Tk mloU oAcc mAcc
3DCFS 60.3 86.3 72.4
ASIS 59.3 86.2 70.1
BAN 60.8 87.0 71.7
ISSF 60.9 86.7 71.6
SASO 61.1 87.0 72.8
JSNet 61.7 88.7 71.7
JSNet++ 62.4 88.7 72.8
AM-ASIS 61.7 88.1 -
EAJS-Net(430) 65.9 89.1 76.0
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Fig. 5 Visual comparison of scene instance segmentation for different methods on the S3DIS dataset

((a) scene point clouds; (b) segmentation ground truth; (¢) ASIS; (d) BAN; (e) JSNet; (f) EAJS-Net(ours))
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Table 3 Comparison of semantic-instance segmentation
results on the ScanNet dataset for different methods

/%

Ty mWCov mCov mPrec mRec mloU oAcc mAcc

BAN 288 276 304 263 382 728 494
ASIS 29.0 278 332 26.1 382 73.0 48.7
JSNet 326 314 359 320 403 732 523
EAJS-Net

354 342 367 344 435 743 558
(A30)
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Fig. 6  Visual comparison of scene semantic segmentation for different methods on the S3DIS dataset

((a) scene point clouds; (b) segmentation ground truth; (¢) ASIS; (d) BAN; (e) JSNet; (f) EAJS-Net(ours))
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Fig. 7 Visual comparison of scene instance segmentation for different methods on ScanNet dataset

((a) scene point clouds; (b) segmentation ground truth; (¢) ASIS; (d) BAN; (e) JSNet; (f) EAJS-Net(ours))
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Fig. 8 Visual comparison of scene semantic segmentation for different methods on ScanNet dataset

((a) scene point clouds; (b) segmentation ground truth; (c) ASIS; (d) BAN; (e) JSNet; (f) EAJS-Net(ours))
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R4 S3IDISEHEEE Area SIHRASLIE
Table 4 Ablation experiments of Area 5 on the S3DIS dataset

/%

NS S5 53 L5
APConv ASFE EAM mW Cov mCov mPrec mRec mloU oAcc mAcc
x x x 47.8 44.6 55.3 424 534 86.9 60.9
N x x 493 46.4 56.3 439 542 87.9 61.4
N N x 54.8 51.8 61.3 51.8 58.8 89.3 66.2
N N N 55.3 52.4 625 50.3 60.4 90.2 66.6
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Fig. 9  Point cloud scene segmentation results after adding Gaussian noise

((a) scene point clouds with Gaussian noise; (b) segmentation ground truth; (¢) JSNet; (d) EAJS-Net(ours))
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