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Abstract—With the rapid development of autonomous driving
technology, semantic segmentation, as one of the key technologies
contributing to the environmental perception of autonomous
driving systems, still suffers from a lack of connections between
local features, as well as high computational consumption and
an inability to meet real-time requirements. To address the
above problems, this paper proposes a lightweight and efficient
point cloud semantic segmentation network based on spherical
projection with an encoder-decoder structure. The encoder
consists of a global self-attention mechanism that captures
global information, as well as multi-scale convolution. This
module achieves the unification of local feature extraction and
global characteristic information for high-dimensional semantic
information. In order to alleviate the high computational
cost, a feature fusion module is introduced to enhance the
compactness of the range image structure obtained from point
cloud projection. The decoder utilizes bilinear interpolation to
upsample multi-resolution feature maps and introduces multiple
auxiliary segmentation heads to further enhance the network’s
accuracy. Experiments conducted on the SemanticKITTI and
SemanticPOSS datasets reveal that, in comparison to the CENet
architecture, the proposed approach attains enhancements in
mIoU of 4.3% and 2.6% on the respective datasets, thereby
substantiating its efficacy. The code is available at GitHub:
https://github.com/haifeng925/GASegNet.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10124

Index Terms—Autonomous driving, Spherical projection, Point
cloud semantic segmentation, Self-attention mechanism
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ARTIFICIAL Intelligence (AI) is widely applied in various
fields, including autonomous driving, robot navigation,

map building, AR virtual interaction, and industrial inspection.
Semantic segmentation helps vehicles understand the semantic
information of their surrounding environment, enabling them
to make informed decisions.

Semantic segmentation technologies can be categorized into
image-based and LiDAR-based approaches. Image semantic
segmentation, primarily based on deep learning methods such
as convolutional neural networks (CNNs), has seen rapid
development. However, its performance degrades significantly
under challenging conditions such as strong exposure, insuf-
ficient light, or adverse weather, and it lacks accurate spatial
information. In contrast, LiDAR technology can obtain accu-
rate 3D spatial information and object geometry by reflecting
pulsed laser light. Point cloud semantic segmentation enhances
the understanding of self-driving cars by categorizing each 3D
point into specific categories. Although early development was
limited by the limited availability of datasets, the release of
benchmarks such as SemanticKITTI [1] and SemanticPOSS
[2] has significantly accelerated progress in this area.

Early point cloud semantic segmentation methods were
predominantly point-based, with PointNet [3] being the first
pioneering framework. It employs a shared-parameter multi-
layer perceptron (MLP) to extract individual point features and
merges global features using a symmetric function. However,
PointNet overlooks local structural information and fails to
effectively fuse local and global features, limiting its ability
to model fine-grained details and occluded structures.

To overcome these limitations, PointNet++ [4] introduces
hierarchical feature learning inspired by CNNs, enabling local
neighborhood feature extraction. Nevertheless, it still relies
on partial sampling and first-order features, neglecting more
detailed and high-dimensional information, and struggles to
capture complex geometric relationships and long-range de-
pendencies. Subsequent methods incorporate attention mech-
anisms to enhance feature modeling. PointTransformer [5]
employs self-attention to capture long-range dependencies,
while Graph Attention Networks (GAT) [6] and non-local net-
works [7] further improve contextual modeling. Despite their
performance gains, these methods incur high computational
costs, which restrict their applicability in real-time scenarios.

RangeNet++ [8] introduces spherical projection to trans-
form 3D point clouds into 2D distance images, enabling the
use of image-based segmentation networks. However, due

https://orcid.org/0000-0002-6097-032X
https://orcid.org/0009-0008-5595-6460
https://orcid.org/0009-0004-5964-721X
https://orcid.org/0009-0009-1818-7567
https://orcid.org/0009-0001-9029-1352
https://orcid.org/0000-0001-6130-7821
https://orcid.org/0000-0003-3550-3807
 https://latamt.ieeer9.org/index.php/transactions/article/view/10124


LU et al.: GASEGNET: GLOBAL SELF-ATTENTION MECHANISM MEETS STRUCTURAL FEATURE FUSION 485

Projection BasedPoint or Voxel Based Projection BasedPoint or Voxel Based

64 x 2048

64 x 1024

64 x 512

64 x 2048

64 x 1024

64 x 512

Projection BasedPoint or Voxel Based

64 x 2048

64 x 1024

64 x 512

Fig. 1. Accuracy (mIoU) vs. Runtime(FPS) of Segmentation on the
SemanticKITTI Validation Set.

to the disordered structure of point cloud data, it achieves
only 41.9% mIoU on the SemanticKITTI dataset with 50M
model parameters, highlighting the issue of excessive model
complexity. SqueezeSegV3 [9] further points out that feature
distributions vary significantly across spatial locations after
projection, making conventional image segmentation models
less effective. To address this issue, SqueezeSegV3 introduces
Spatial Adaptive Convolution (SAC), which applies position-
dependent filters with an attention-based design. On the Se-
manticKITTI benchmark, SqueezeSegV3 outperforms recent
leading approaches [10] at the time by at least 3.7% mIoU
under comparable inference speed, with a reduced model size
of 29.9M parameters.

To further reduce model complexity, FIDNet [11] and
CENet [12] replace decoder convolutions with bilinear inter-
polation and avoid using attention mechanisms, significantly
reducing the number of model parameters. As a result, seg-
mentation accuracy (mIoU) improves from 58.6% to 65.5%,
while the number of model parameters is reduced to 6.783M.

The model proposed in this paper achieves 69.3% mIoU on
the SemanticKITTI dataset (shown in Fig. 1), with only a 0.7%
increase in model parameters. On the SemanticPOSS dataset,
it achieves 52.7% mIoU, representing a 2.4% improvement
over the benchmark model CENet. This method effectively
addresses the challenges of local structural feature extraction
and global contextual information capture while controlling
model complexity, thereby improving the accuracy of semantic
segmentation models.

The main contributions of this paper are as follows:
• We propose GASegNet, a semantic segmentation network

for LiDAR, which incorporates a Feature Fusion Module
(FFM) and a Global Self-Attention Mechanism (GSAM)
to enhance point cloud semantic segmentation.

• The FFM is introduced to reconstruct geometric structural
features of point cloud data and enhance the local feature
aggregation capability of the network. This module effec-
tively addresses the challenge of capturing fine-grained

details in complex point cloud structures.
• The GSAM is designed to focus on global information,

enabling the network to capture higher-level semantic fea-
tures. By capturing long-distance dependencies between
any two locations, GSAM enhances the utilization of
global contextual information and addresses the occlusion
problem in point cloud data.

II. RELATED WORK

The task of point cloud segmentation for autonomous
driving scenarios is divided into three main categories of
implementations: point-based methods, voxel-based methods,
and image-based methods.

Point-based methods: The methods directly process raw
3D point clouds, preserving spatial structure without informa-
tion loss. To address the limitations of PointNet [3] in handling
multi-scale geometric structures, PointNet++ [4] introduces
multi-scale grouping to enhance adaptability. Subsequently,
KPConv [13] proposes deformable convolutions with flexi-
ble kernel points to better capture local geometric features.
BAAF [14] employs bilateral structures and adaptive fusion
to jointly exploit geometric and semantic features. DGCNN
[15] preserves local geometric structures by constructing local
neighborhood graphs using EdgeConv. However, it primarily
focuses on learning local features in the feature space and
lacks the ability to capture global features, which limits its
adaptability to complex point cloud structures. GAPointNet
[16] integrates graph attention into stacked MLPs to enhance
local geometric feature extraction and robustness. Neverthe-
less, due to the large scale of point clouds, existing point-
based methods still face challenges in high-dimensional fea-
ture learning, effective local feature aggregation, and shape
information mining. Moreover, high computational cost and
limited inter-feature connectivity hinder real-time applicability.

Voxel-based methods: Converting point clouds into voxels
for processing can effectively address the unstructured nature
of point-cloud information. VoxNet [17] pioneers voxelization
to convert unstructured point clouds into regular voxels and
applies 3D CNNs for semantic prediction, but suffers from
inefficient voxel alignment. Kd-Net [18] improved efficiency
by converting point clouds into binary trees and computing
only on non-empty voxels. Su et al. proposed SPLATNet [19],
which represents point clouds using sparse voxel structures
and fuses multi-view features to alleviate the irregularity and
sparsity of point clouds. Cylinder3D [20] used an asymmetric
residual block to dynamically adjust the feeling field based
on point cloud sparsity, reducing the computational effort.
AF2S3Net [21] applied attention-based multi-scale feature
adaptive fusion without complex hierarchical stacking. How-
ever, voxel-based methods face a trade-off: large voxels lose
detail, while small voxels increase computational and memory
costs, limiting scalability on large-scale point clouds.

Image-based methods: By projecting the point clouds onto
multiple views to reduce data dimensionality and simplify
3D structures, enhancing object recognition, classification, and
segmentation. SqueezeSeg [22] pioneered this approach for
road object segmentation, followed by SqueezeSegV2 [23],



486 IEEE LATIN AMERICA TRANSACTIONS, Vol. 24, No. 5, MAY 2026

which introduced a context aggregation module, and Squeeze-
SegV3 [9], which leveraged spatially adaptive convolution
to handle feature distribution shifts. RangeNet++ [8] applied
accelerated KNN for post-processing, while SalsaNext [24]
incorporated uncertainty-aware mechanisms for point feature
learning based on SalsaNet [25]. Additionally, KPRNet [26]
innovatively replaces the decoder with a KPConv layer, avoid-
ing the over- and under-smoothing problems associated with
it. Lite-HDSeg [27] introduces an HD volume operator with a
multi-class spatial propagation network to enhance contextual
understanding, but struggles with small-object segmentation.
FIDNet [11] proposes a new LiDAR semantic segmentation
network based on range images. While fully parameter-free,
it lacks feature learning capability, leading to suboptimal
accuracy due to overreliance on the classification head for
model performance and contextual information integration.

In this paper, we propose GASegNet, a lightweight seman-
tic segmentation network based on range images and built
upon CENet [12]. To enhance local-global feature interaction
while controlling model complexity, we propose a global
self-attention mechanism and a novel Feature Fusion Module
(FFM). FFM improves structural feature learning and mitigates
the impact of uneven point cloud distribution on performance.
The attention mechanism captures higher-level semantic in-
formation across spatial and channel dimensions, enabling
high segmentation accuracy and efficiency with low parameter
overhead. The framework is detailed in the following section.

III. METHODOLOGY

A. Network Architecture

The network architecture proposed in this paper is shown in
Fig. 2. Our method is built upon CENet [12] as the baseline
backbone, and extends it by introducing an FFM and a GSAM.
Specifically, the 3D point cloud is first converted into a range
image by spherical projection. FFM is used to make the
range image representation more compact and homogeneous
by removing spatial and channel redundancy, which is used
to solve the problems of unstructured and inhomogeneous
point clouds. The Encoder-Decoder structure is added to
the globalization attention mechanism. The Encoder extracts
hierarchical semantic features from the projected range image.
The Decoder part follows the previous bilinear interpolation
method, and a linear branch is induced from the Encoder for
obtaining the global consistency of the semantic information.
Finally, the KNN algorithm can be used to back-project the
segmented image onto the point cloud map. In this structural
diagram, only the processing of the image is shown. The step
of backprojection onto the point cloud map is placed as a
visualization result in Fig. 5. The subsequent subsections detail
the Spherical Projection, FFM, GSAM, and loss function.

B. Spherical Projection

The utilization of a spherical projection method to trans-
form point-cloud information into a two-dimensional image
representation converts irregular 3D data into a structured 2D
grid format, consequently mitigating the structural complexity
associated with data processing. This approach enables the

application of established two-dimensional image processing
techniques and deep learning models for training and analysis.
In the range image representation at time t, the
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)
of each LiDAR point p is a Cartesian coordinate, which is
converted to an image coordinate (ut,vt) using a spherical
projection R3 → R2 as shown in the following equation:
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The point cloud is projected onto a range image of size
(H,W, 5), where H and W denote the fixed height and width
of the image, respectively. Each pixel encodes five channels
(xt, yt, zt, dt, rt), where dt =

√
x2
t + y2t + z2t represents the

depth of a point and rt denotes its reflection intensity. The
intensity channel is retained to allow the network to implicitly
learn useful cues from material and surface properties. The
image coordinates (ut, vt) are computed from the 3D point
(xt, yt, zt) using the azimuth and elevation angles, as defined
in Eq. (1). Here, fu and fd denote the upper and lower vertical
field-of-view (FoV) angles of the LiDAR sensor, respectively,
and the total vertical FoV is given by f = fu+fd. By reformu-
lating point cloud semantic segmentation as an image-based
segmentation problem, this representation enables effective
exploitation of both local geometric cues and global contextual
information, thereby improving feature learning efficiency.

C. Feature Fusion Module

Due to the unstructured and inhomogeneous problem of
point-cloud information, the point cloud will have empty
pixels in the middle of the range image projected into it,
etc., which introduces a large number of empty or low-
information pixels in the projected range image, leading to
redundant spatial and channel-wise computations and reduced
computational efficiency in semantic segmentation models.
Inspired by SCConv [28] to solve the problem, we added a
feature fusion module to the CENet [12] network, resulting in
a more compact image representation and homogenization of
pixel values. As shown in Fig. 3, the FFM is divided into a
spatial fusion module and a channel fusion module. The range
image data converted from the point cloud is processed by the
FFM for fusion on structural features, as well as removing
spatial and channel redundancy.

For the input range image X ∈ Rn×c×h×w, where n is
the number of batches, c is the number of channels, h and
w are the height and width of the image. The feature maps
produced by the preceding convolutional layers are normalized
using batch normalization (BN) as follows:

W = BN(X) = γ
X − µ√
σ2 + ε

, (2)

where µ and σ are the mean and standard deviation of X , ε is a
constant added for stability, and γ is a trainable parameter. The
output W of the weights obtained through the standard layer
is mapped to the range of (0, 1) through a sigmoid function,
and then multiplied by the input range image X . Structurally
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segmentation performance of the network, while optimizing this result with global information and auxiliary loss.
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informative regions in the normalized range image are filtered
using a threshold (Xthreshold = 0.5) to separate informative
regions (Xh) from less informative regions (Xd):{

Xh, if sigmoid(WX) ≥ Xthreshold,

Xd, if sigmoid(WX) < Xthreshold.
(3)

Each subset is further divided along the vertical axis of the
range image, which naturally corresponds to different elevation
regions in LiDAR scans, denoted as Xh1, Xh2, Xd1, and
Xd2. The cross-splicing operation is performed on the above
two structural features by adding one end of the information-
rich feature with one end of the less information-rich feature,
and the cross-splicing operation is used to fully combine
the weighted two different information features to make the
structural features of the data more homogeneous. Then the
cross reconstructed features X ′

h and X ′
d are spliced to get the

feature mapping X ′, the splicing operation is shown below:
Xh1 ⊕Xd2 = X ′

h,

Xd1 ⊕Xh2 = X ′
d,

X ′
h

⋃
X ′

d = X ′.

(4)

The operation of removing channel redundancy is carried
out, and 1x1 convolution is utilized to compress the channels
of the feature mapping to improve computational efficiency.
We divide the spatial feature mapping X ′ into X1 and X2,
and perform GWC [29] and PWC [30] on X1 to get X

′

1, the
approach was first proposed in Mobilenets [31], and perform
PWC on X2 and adding with itself to get X

′

2. This process is
defined by the following equations, where CG and CP1 denote
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Fig. 5. Qualitative analysis of the SemanticKITTI validation set.
Where (1) is the semantic truth value of LiDAR scanned frames,
(2) is the semantic graph segmented by the CENet model, and (3) is
the semantic graph segmented by our model, GASegNet.

the group and pointwise convolutions for X1, respectively, and
CP2 denotes the pointwise convolution for X2:

X
′

1 = CGX1 + CP1X1, (5)

X
′

2 = CP2X2 ∪X2. (6)

The global average pooling operation is used to collect
global spatial information, producing channel descriptor ten-
sors Sk ∈ RC×1×1, where Sk = 1

h×w

∑j ∑i
X

′

k(i, j), k =
1, 2. The scalar descriptors sk are obtained by reducing Sk

along the channel dimension and are used to compute the
attention weights η1 and η2 as follows:

η1 =
es1

es1 + es2
, η2 =

es2

es1 + es2
, η1 + η2 = 1. (7)

Finally, under the effect of feature vectors η1, η2, the upper
feature X

′

1 and lower feature X
′

2 are merged in the channel
direction to obtain the channel-compressed feature Xout ,
which is calculated as follows:

Xout = η1X
′

1 + η2X
′

2. (8)

D. Global Self-Attention Mechanism

To address the inaccuracy of semantic segmentation net-
works caused by occlusion in point cloud information, we
propose a lightweight global self-attention mechanism mod-
ule that captures global context. Additionally, a dual-branch
structure is designed to fuse local and global features by min-
ing spatial and channel dimensions, enhancing the network’s
semantic representation and segmentation capability.

The global self-attention mechanism module consists of two
parallel components: a spatial attention module and a channel
attention module. A block diagram of this module is shown
in Fig. 4. The input feature map undergoes three 3×3 Conv
operations. By stacking multiple 3×3 convolutions, the model
achieves a smaller number of parameters compared to 7×7
convolutions while gradually expanding the receptive field to
capture a larger range of contextual information. This enables
the network to extract deeper features and capture contextual
information. The spatial and channel attention modules operate
in parallel: the spatial attention module captures inter-pixel
long-distance dependencies, while the channel attention mod-
ule extracts global features through global pooling, enhancing
the weights of important channels. By fusing the outputs
of these two modules, the network generates a feature map
containing global context information with attention weights.
Unlike convolution, which aggregates local neighborhoods
with fixed weights, the proposed attention mechanism dynam-
ically assigns weights based on global feature similarity.

The input feature map A ∈ RC×H×W is passed through
three independent convolutional layers to generate query (Q),
key (K), and value (V) Q,K, V ∈ RC×H×W feature maps. To
compute the similarity matrix, Q and K are reshap RC×N ,
where C represents the number of channels and N represents
the number of pixels. The similarity matrix S ∈ RC×C is
then calculated as the dot product of Q and K, capturing
global spatial dependencies by measuring pixel-wise simi-
larity. This formulation follows the standard self-attention
paradigm, where similarity-based weighting enables long-
range dependency modeling:

Sij =
exp(Qi ·Kj)∑C
j=1 exp(Qi ·Kj)

. (9)

The similarity matrix S is multiplied by the reshaped
features of V using matrix multiplication to obtain enhanced
features, denoted as B. These enhanced features are then added
to the original feature map A to produce C, which aggregates
local and global contextual information. The channel attention
module follows a similar process, applying attention weights to
the feature channels to capture global information and enhance
the representation of important features:

Bj =

C∑
i=1

Sij ·Ai, (10)

Cj = Aj +Bj . (11)

E. Loss Function

To address three prevalent challenges [12], [32]–[34] in
point cloud semantic segmentation: class imbalance, optimized
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intersection over union (IoU), and ambiguous segmentation
boundaries, we propose the integration of three loss functions
during network training: Lwce, Lls, and Lbd. Here, Lwce

denotes the weighted cross-entropy loss, Lls denotes the
Lovász-Softmax loss, a differentiable surrogate of the IoU
that applies the Lovász extension to sorted prediction errors,
enabling direct optimization of mIoU. Finally, Lbd denotes the
boundary-aware loss. Furthermore, we introduce an auxiliary
loss mechanism L(yi, ŷi), which utilizes the dependency rela-
tionships between the three outputs derived from the bilinear
interpolation module and the ground truth to enhance network
convergence. The total loss function is defined as follows:

L = w1Lwce + w2L1s + w3Lbd +

3∑
i=1

L(yi, ŷi), (12)

where w1, w2 and w3 represent the weights assigned to each
loss function. Based on empirical observations, we set the
weights w1, w2 and w3 to 1.25. ŷi denotes the semantic
output at bilinear interpolation module i, and yi corresponds
to the truth semantic label. The auxiliary loss is defined as∑3

i=1 L(yi, ŷi).

IV. EXPERIMENTS

A. Dataset and Implementation Details

SemanticKITTI [1] dataset is a widely used benchmark for
3D semantic segmentation in autonomous driving. It is derived
from the LiDAR scans of the KITTI Vision Benchmark Suite,
with each point cloud carefully annotated into 25 semantic
classes, including roads, vehicles, pedestrians, and buildings,
with 19 classes commonly used for evaluation.

The SemanticPOSS [2] dataset, a collaborative effort be-
tween the Beijing Institute of Technology and Tsinghua Uni-
versity, represents a high-quality LiDAR dataset specifically
designed for semantic segmentation tasks in campus envi-
ronments. Characterized by its extensive scene diversity and
meticulously designed annotation system, this dataset holds
substantial research significance, particularly in advancing
studies related to autonomous driving.

For data acquisition, the research team utilized a Velodyne
16-line LiDAR system to ensure precision and reliability of
the collected data. Structurally, the dataset is organized into six
continuous sequences, comprising approximately 3000 frames
of point cloud data. It encompasses 14 distinct semantic cat-
egories, including but not limited to ground, buildings, trees,
and pedestrians. The dataset contains a total of 2988 complex
LiDAR scan samples, capturing a wide array of scenarios such
as roadways in academic zones, residential complexes, and
vegetated areas. These scenes incorporate numerous dynamic
elements, such as moving pedestrians and vehicles, as well as
real-world challenges like occlusions and dynamic targets.

Implementation details: In this paper, the proposed method
is implemented using OpenPCSeg Codebase [35]. We imple-
mented the proposed method using PyTorch on the NVIDIA
RTX2080 platform, and during the training process, we used
data enhancement to perform preprocessing operations on the
data. We employed the AdamW [36] optimizer with default
settings in PyTorch. The weight decay was set to 1e−4. We

trained the network using an initial learning rate of 1e−2 and
dynamically adjusted the learning rate over 100 epochs.

B. Results and Discussion

Table 1 shows the segmentation results of methods on the
SemanticKITTI [1] validation set. Compared to image-based
methods, the proposed approach attains superior segmenta-
tion performance for all three evaluated input sizes, namely
64×512, 64×1024, and 64×2048. For the distance image with
an input size of 64 × 2048, the proposed method achieves
state-of-the-art performance (69.5% mIoU), outperforming
point-based methods, voxel-based methods, and other com-
pared approaches. The best segmentation performance among
point-based methods reaches only 59.9%, which is much lower
than the proposed method. With an input size of 64 × 1024,
the proposed method achieves 68.9% mIoU, representing a
3.1% improvement over the benchmark model, CENet. For
an input size of 64 × 512, the proposed method achieves
67.5% mIoU, a maximum improvement of 4.3% over previous
methods. These results highlight the accuracy and robustness
of the proposed method under different input resolutions.

Additionally, the proposed method significantly improves
segmentation performance in 15 out of the 19 categories of
the SemanticKITTI dataset. Notably, for dynamic objects (e.g.,
pedestrians), the mIoU improves by up to 10% at different
scales. It is worth noting that these performance improvements
are achieved with only a 0.7% increase in the number of
model parameters. The impact of this parameter increase will
be analyzed in detail in the subsequent ablation experiments,
focusing on its effect on model performance and efficiency.

Table 2 compares the performance of the proposed method
with other related works on the SemanticPOSS [2] test set.
Specifically, the proposed method shows significant improve-
ments over the baseline model in terms of mIoU: with KNN,
it outperforms CENet [12] by 2.6% mIoU, FIDNet [11]by
6.7% mIoU, and MINet [37] by 9.8% mIoU; without KNN,
it outperforms CENet [12] by 2.4% mIoU, FIDNet [11] by
6.3% mIoU, and MINet [37] by 9.5% mIoU. These results
further demonstrate the strong generalization ability and ro-
bustness of GASegNet, the network proposed in this paper.
GASegNet achieves an mIoU score of 52.7%, outperforming
most categories in terms of IoU metrics across the board.

C. Qualitative Results

Qualitative Result On SemanticKITTI: For further visu-
alization, we provide examples of qualitative comparisons in
Fig. 5. As shown in Fig. 5a, Fig. 5b, and Fig. 5f, the proposed
method recognizes traffic signs, motorcycles, and vegetation
more accurately than CENet [12], even as complete objects.
This improvement is attributed to the feature fusion module,
which enhances the characterization of local features and
strengthens the local perception capability of the segmentation
network model. This is particularly evident in Fig. 5c, where
CENet [12] misidentifies the upper part of a person as a
motorcycle and the lower part as a person, a common issue in
point cloud semantic segmentation networks. In contrast, the
proposed method accurately recognizes the entire person.
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Fig. 6. Qualitative analysis of the SemanticPOSS validation set. The 3D point cloud at the top of the image presents, from left to right,
the real data, the semantic labels predicted by the CENet model, and those predicted by our model, GASegNet. Below the 3D point cloud
is a depth map with semantic labels displayed in rows, showing, from top to bottom, the real values, CENet predictions, and GASegNet
predictions.

In Figs. 5d and 5e, the labeled person is partially occluded.
The proposed method successfully identifies the occluded
category, demonstrating its ability to address the point cloud
occlusion problem. This is due to the global attention mecha-
nism, which effectively constructs long-distance dependencies
of spatial locations and captures global context information.
In Fig. 5f, the baseline model CENet [12] fails to segment
vegetation and fences correctly, while the proposed method
demonstrates improved performance.

Qualitative Result On SemanticPOSS: Figure 6 presents
qualitative analysis on the SemanticPOSS validation set. In
Fig. 6a, Fig. 6e, and Fig. 6f, our model accurately recognizes
dynamic objects like riders and people. In contrast, CENet
often misclassifies riders as people, while GASegNet distin-
guishes them effectively. As shown in Fig. 6c, CENet [12]
misidentifies bicycles parked next to tree trunks as plants due
to occlusion, whereas our method leverages global context
information to mitigate this. Additionally, Fig. 6b and Fig.
6d show improved recognition of static objects.

The quantitative and qualitative analyses confirm the effec-
tiveness of our point cloud semantic segmentation network,
which integrates a global attention mechanism and a feature
fusion module. The proposed method excels in handling both
static and dynamic objects in complex urban environments. By
effectively aggregating local and global features, the model ad-
dresses rapid object motion and occlusion in complex dynamic
scenes. This enables robust and accurate feature extraction,
making the model highly suitable for autonomous driving and
robotic navigation in real-world environments.

D. Ablation Experiments

To quantitatively evaluate the contribution of each compo-
nent, we conduct ablation experiments on Sequence 08 of the

SemanticKITTI validation set. Following CENet’s training and
evaluation settings (input resolution: 64 × 512), we ensure
fair comparison. Table 3 reports mIoU and parameter counts,
highlighting the impact of each module on segmentation
accuracy and efficiency.

From Table 3, the integration of FFM improves the mIoU by
1.7 points, from 63.2 to 64.9, demonstrating its effectiveness
in enhancing segmentation performance. This is attributed to
FFM’s ability to reorganize geometric features, strengthening
local feature learning and scene understanding. Additionally,
the embedded attention mechanism addresses the uneven dis-
tribution of point cloud data, optimizing feature separation.
As a result, the model achieves better segmentation accuracy
while maintaining computational efficiency.

With the introduction of GSAM, the model’s mIoU in-
creases to 67.0, representing a 3.8% improvement over CENet,
achieved with only a parameter increase (0.02M). This signifi-
cant gain is due to GSAM’s ability to capture global contextual
features and strengthen the connection between local and
global information via skip connections. By leveraging global
attention, GSAM is capable of capturing long-range dependen-
cies within the point cloud and effectively addresses occlusion
and model complexity, enhancing scene understanding while
maintaining lightweight computational efficiency.

Our proposed GASegNet method shows a 4.3% improve-
ment compared to the benchmark model CENet, with only a
0.7% increase in parameters. Seen, compared to the benchmark
model CENet, our method demonstrates an improvement in
mIoU across all experiments. This validates the effectiveness
of each module and shows that our improved method signifi-
cantly enhances the performance of semantic segmentation of
point clouds while keeping the model lightweight.
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TABLE I
EVALUATION RESULT ON THE SEMANTICKITTI VALIDATION SET
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Point-based

PointNet++ [4]

50Kpts

20.1 53.7 1.9 0.2 0.9 0.2 0.9 1.0 0 72.0 18.7 41.8 5.6 62.3 16.9 46.5 13.8 30.0 6.0 8.9

RandLa-Net [10] 53.9 94.2 26.0 25.8 40.1 38.9 49.2 48.2 7.2 90.7 60.3 73.7 20.4 86.9 56.3 81.4 61.3 66.8 49.2 47.7

KPConv [13] 58.8 96.0 30.2 42.5 33.4 44.3 61.5 61.6 11.8 88.8 61.3 72.7 31.6 90.5 64.2 84.8 69.2 69.1 56.4 47.4

BAAF [14] 59.9 95.4 31.8 35.5 48.7 46.7 49.5 55.7 53.0 90.9 62.2 74.4 23.6 89.8 60.8 82.7 63.4 67.9 53.7 52.0

Voxel-based

MinkowskiNet-lite [38]

Voxel

57.5 - - - - - - - - - - - - - - - - - - -

MinkowskiNe [38] 63.1 - - - - - - - - - - - - - - - - - - -

SPVCNN-lite [39] 58.5 - - - - - - - - - - - - - - - - - - -

SPVCNN [39] 63.8 - - - - - - - - - - - - - - - - - - -

Image-based

SqueezeSeg [22]

64 x 2048

30.8 68.3 18.1 5.1 4.1 4.8 16.5 17.3 1.2 84.9 28.4 54.7 4.6 61.5 29.2 59.6 25.5 54.7 11.2 36.3

SqueezeSegV2 [23] 39.6 82.7 21.0 22.6 14.5 15.9 20.2 24.3 2.9 88.5 42.4 65.5 18.7 73.8 41.0 68.5 36.9 58.9 12.9 41.0

SqueezeSegV3 [9] 55.9 92.5 38.7 36.5 29.6 33.0 45.6 46.2 20.1 91.7 63.4 74.8 26.4 89.0 59.4 82.0 58.7 65.4 49.6 58.9

SalsaNext [24] 59.5 91.9 48.3 38.6 38.9 31.9 60.2 59.0 19.4 91.7 63.7 75.8 29.1 90.2 64.2 81.8 63.6 66.5 54.3 62.1

Lite-HDSeg [27] 63.8 92.3 40.0 55.4 37.7 39.6 59.2 71.6 54.3 93.0 68.2 78.3 29.3 91.5 65.0 78.2 65.8 65.1 59.5 67.7
KPRNet [26] 63.1 95.5 54.1 47.9 23.6 42.6 65.9 65.0 16.5 93.2 73.9 80.6 30.2 91.7 68.4 85.7 69.8 71.2 58.7 64.1

Image-based

RangeNet++ [8]

64 x 512

41.9 87.4 26.2 26.5 18.6 15.6 31.8 33.6 4.0 91.4 57.0 74.0 26.4 81.9 52.3 77.6 48.4 63.6 36.0 50.0

MPF [40] 48.9 91.1 22.0 19.7 18.8 16.5 30.0 36.2 4.2 91.1 61.9 74.1 29.4 86.7 56.2 82.3 51.6 68.9 38.6 49.8

FIDNet [11] 51.3 90.4 28.6 30.9 34.3 27.0 43.9 48.9 16.8 90.1 58.7 71.4 19.9 84.2 51.2 78.2 51.9 64.5 32.7 50.3

CENet [12] 63.2 96.1 47.4 55.4 79.2 54.9 60.9 72.5 0.1 95.7 60.4 83.1 4.1 86.0 59.8 87.2 65.9 73.6 68.4 49.2

Ours 67.5 96.4 55.7 70.5 75.9 64.3 73.4 86.2 1.3 95.9 58.8 84.5 9.2 87.1 61.4 88.8 68.5 78.1 70.2 56.0

Image-based

RangeNet++ [8]

64 x 1024

48.0 90.3 20.6 27.1 25.2 17.6 29.6 34.2 7.1 90.4 52.3 72.7 22.8 83.9 53.3 77.7 52.5 63.7 43.8 47.2

MPF [40] 53.6 92.7 28.2 30.5 26.9 25.2 42.5 45.5 9.5 90.5 64.7 74.3 32.0 88.3 59.0 83.4 56.6 69.8 46.0 54.9

FIDNet [11] 56.0 92.4 44.0 41.5 33.2 30.8 57.9 52.6 18.0 91.0 61.2 73.8 12.6 88.2 57.9 80.8 59.5 65.1 45.3 58.4

CENet [12] 65.8 96.8 60.1 70.7 67.0 66.5 77.3 87.7 0.0 95.7 44.8 83.2 12.8 83.9 46.0 86.9 69.9 72.3 70.4 57.6

Ours 68.9 96.3 56.5 75.9 83.5 57.8 80.2 88.5 0.0 96.0 55.1 84.5 9.7 88.9 64.5 89.7 71.1 79.8 69.7 61.5

Image-based

RangeNet++ [8]

64 x 2048

52.2 91.4 25.7 34.4 25.7 23.0 38.3 38.8 4.8 91.8 65.0 75.2 27.8 87.4 58.6 80.5 55.1 64.6 47.9 55.9

MPF [40] 55.5 93.4 30.2 38.3 26.1 28.5 48.1 46.1 18.1 90.6 62.3 74.5 30.6 88.5 59.7 83.5 59.7 69.2 49.7 58.1

FIDNet [11] 58.6 93.0 45.7 42.0 27.9 32.6 62.6 58.1 30.5 90.8 58.3 74.9 20.1 88.5 59.5 83.1 64.3 67.8 52.6 60.0

CENet [12] 65.5 96.1 55.2 68.72 87.2 48.0 72.6 74.2 0.0 95.2 52.6 83.2 11.4 88.79 50.4 87.9 69.3 76.5 65.3 61.1

Ours 69.5 97.5 62.2 78.8 89.1 73.5 82.8 88.8 0.0 95.9 32.9 83.0 0.1 91.3 71.0 88.3 73.3 76.4 69.5 66.4

TABLE II
EVALUATION RESULTS ON THE SEMANTICPOSS TEST SPLIT
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SqueezeSeg [22] 14.9 1.0 13.2 10.4 28.0 5.1 5.7 2.3 43.6 0.2 15.6 31.0 75.0 18.9
SqueezeSeg + CRF [22] 6.8 0.6 6.7 4.0 2.5 9.1 1.3 0.4 37.1 0.2 8.4 18.5 72.1 12.9

SqueezeSegV2 [23] 48.0 9.4 48.5 11.3 50.1 6.7 6.2 14.8 60.4 5.2 22.1 36.1 71.3 30.0
SqueezeSegV2 + CRF [23] 43.9 7.1 47.9 18.04 40.9 4.8 2.8 7.4 57.5 0.6 12.0 35.3 71.3 26.9

RangeNet53 [8] 55.7 4.5 34.4 13.7 57.5 3.7 6.6 23.3 64.9 6.1 22.2 28.3 72.9 30.3
RangeNet53 + KNN [8] 57.3 4.6 35.0 14.1 58.3 3.9 6.9 24.1 66.1 6.6 23.4 28.6 73.5 30.9

MINet [37] 61.8 12.0 63.3 22.2 68.1 16.3 29.3 28.5 74.6 25.9 31.7 44.5 76.4 42.7
MINet + KNN [37] 62.4 12.1 63.8 22.3 68.6 16.7 30.1 28.9 75.1 28.6 32.2 44.9 76.3 43.2
FIDNet-Point [11] 71.6 22.7 71.7 22.9 67.7 21.8 27.5 15.8 72.7 31.3 40.4 50.3 79.5 45.8

FIDNet-Point + KNN [11] 72.2 23.1 72.7 23.0 68.0 22.2 28.6 16.3 73.1 34.0 40.9 50.3 79.1 46.4
CENet [12] 74.9 21.8 77.0 25.3 72.0 18.0 30.9 46.9 75.9 26.1 47.5 51.7 80.7 49.9

CENet + KNN [12] 75.5 22.0 77.6 25.3 72.2 18.2 31.5 48.1 76.3 27.7 47.7 51.4 80.3 50.3
Ours 75.3 23.8 77.5 27.2 73.3 27.9 32.0 50.3 78.6 33.8 48.0 54.1 80.5 52.5

Ours + KNN 75.2 24.4 78.2 27.6 73.8 28.2 33.0 52.4 79.2 34.9 46.6 53.1 78.6 52.7

TABLE III
ABLATION EXPERIMENTS EVALUATED ON

SEMANTICKITTI

Baseline FFM GSAM mIoU Params (M)
CENet [12] 63.2 6.783

Ours ✓ 64.9 6.813
Ours ✓ 67.0 6.803
Ours ✓ ✓ 67.5 6.833

V. CONCLUSION

In this paper, we propose GASegNet, a novel semantic
segmentation framework tailored for LiDAR point cloud tasks.
By integrating a feature fusion module and a global self-
attention mechanism within an encoder-decoder architecture,
GASegNet enhances feature representation. Additionally, the
incorporation of boundary loss emphasizes semantic bound-
aries, while auxiliary segmentation heads further boost feature
learning capability without increasing parameter count or com-
putational cost. The performance of GASegNet was evaluated
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on the SemanticKITTI and SemanticPOSS datasets, where it
achieved top-tier results in semantic segmentation and real-
time processing, confirming its high capability. Despite these
advances, there is still room for improvement, particularly in
recognizing cyclists and certain static objects. Constructing
better local feature representations can enhance the network’s
ability to extract and learn local features. In future work, our
team will focus on advancing semantic segmentation through
multimodal data fusion.
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