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Abstract

The LiDAR point cloud semantic segmentation task aims to achieve 3D environmental perception of the surrounding scene.
Range image-based methods have shown promising prospects for real-time processing in the field of autonomous driving.
However, the projection process of generating range images has the problem of stretching the spatial distance relationship
between the original points. Furthermore, most existing works lack the ability to effectively capture the target’s boundary
features and cannot compensate for the loss of high-resolution encoder features during downsampling. To address these issues,
we propose MSCSeg, a range image-based multi-scale contextual network for point cloud semantic segmentation. Firstly,
a branched asymmetric convolution residual block (BAResBlock) is employed to specifically process the stretched range
image while aggregating multi-scale contextual information from three branches at low computational cost. Subsequently, we
introduce a local context multi-scale strip convolution block (CSCB), which helps the network capture boundary features of
objects. Finally, we employ a feature cascade attention block (FCAB) to aggregate information from the encoder and decoder,
alleviating the problem of insufficient detail in low-resolution features. Experiments conducted on the outdoor street scene
datasets SemanticPOSS and SemanticKITTI demonstrate that our MSCSeg achieves competitive segmentation performance
while maintaining real-time inference speed.

Keywords LiDAR point cloud - 3D semantic segmentation - Range image-based - Autonomous driving

1 Introduction

Autonomous driving is one of the most promising application
scenarios for computer vision technology. Among the vari-
ous in-vehicle sensors used in practical applications, LIDAR
is favoured for navigation tasks due to its ability to accu-
rately capture 3D spatial information of the surrounding
environment and generate point cloud representations [1, 2].
Accurate and real-time semantic segmentation of the point
cloud is a core task in the perception system of autonomous
vehicles [3-5], and plays a crucial role in path planning [6-8].

With the emergence of large-scale point cloud datasets
and the rapid advancement of computing power, deep learn-
ing has gradually come to dominate the field of point
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cloud semantic segmentation [9, 10]. Deep learning-based
point cloud semantic segmentation methods can be divided
into three types: point-based methods [11-15], voxel-based
methods [16-18] and projection-based methods [19-31].
Projection-based methods primarily fall into two main cate-
gories: multi-view and spherical projection-based methods.
This paper focuses on the latter. Current spherical projection-
based methods suffer from the following issues:

e During the spherical projection of point clouds, the spa-
tial distance relationships between the original points are
non-linearly stretched in the generated range image due
to the inherent characteristics of the spherical projection,
as shown in Fig. 1. This problem is more pronounced for
the 360° horizontal field of view of LiDAR. Therefore,
the horizontal receptive field in the range image deserves
greater attention.

e Boundary blur is not uncommon in segmented objects,
where boundary semantics are easily assimilated by the
semantic information of surrounding points. However, in
autonomous driving scenarios, it is crucial to accurately
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Fig. 1 The spherical projection method stretches the spatial distance
relationship between the original points

identify object boundaries and assign correct semantic
labels.

e Semantic segmentation is a dense prediction task that
necessitates the delineation of minute details. The com-
monly used bilinear interpolation in the upsampling
process can only generate semantically consistent fea-
tures but cannot compensate for the high-resolution
encoder details lost during downsampling.

In order to address the issues mentioned above, this
paper proposes a range image-based point cloud semantic
segmentation network. Specifically, we first designed the
branched asymmetric convolution residual block (BARes-
Block). Compared with the conventional ResBlock, three
branches of asymmetric depthwise separable convolutions
were incorporated to replace the traditional square con-
volution while capturing features at different levels, thus
alleviating the problem of the impact of the stretched spa-
tial relationship of the point cloud on feature extraction.
Next, we designed the local context multi-scale strip convo-
lution block (CSCB) as the decoder. A local context window
self-attention (WinSA) was introduced to process the input
features, enabling the capture of local contextual informa-
tion without significantly increasing the computational cost.
Concurrently, to effectively mitigate the issue of boundary
blurring, a multi-scale strip convolution (StrConv) was incor-
porated. The strip convolution kernel is extended in a single
direction, enabling the model to capture information about
changes in that direction, thereby facilitating the identifica-
tion of the object boundary and generating more accurate
predictions. In light of the insufficient detail in the encoder’s
deep features resulting from the low-resolution and the bilin-
ear interpolation method’s inability to restore the loss of
detail caused by downsampling effectively, we developed the
feature cascade attention block (FCAB). This block employs
a cascaded operation, which incorporates channel and spa-
tial attention mechanisms, to integrate information from the
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encoder and decoder, thereby addressing the need for accu-
rate detail in dense prediction.

In summary, our main contributions can be summarised
as follows:

e We designed the BAResBlock to specifically mitigate the
issue of stretching the spatial relationship of the range
image and to capture contextual information at varying
levels with lower computational cost.

e We designed the CSCB, which consists of a window
self-attention module capable of capturing fine-grained
features within a local window and a strip convolution
module sensitive to significant changes in coordinates,
intensity, and distance. This allows the block to capture
local feature details and boundary information associated
with objects.

e We designed the FCAB to fuse information from the
encoder and decoder to alleviate the issue of detail loss
in low-resolution features.

2 Related Work
2.1 Range image-based network

SqueezeSeg [19] pioneers a range image-based method for
point clouds semantic segmentation. Its encoder uses the
lightweight SqueezeNet [32] architecture for efficient infer-
ence and introduces a Conditional Random Field (CRF)
post-processing technique to refine 3D predictions and mit-
igate the "many-to-one" problem, where identical labels are
assigned to multiple points mapped to the same pixel. How-
ever, SqueezeSeg suffers from limited receptive fields in
complex scenes and struggles to capture long-range con-
textual dependencies. To address this, SqueezeSegV2 [20]
improves the model architecture, training loss and normalisa-
tion methods, while proposing a Context Aggregation Mod-
ule (CAM) that fuses multi-scale features through parallel
dilated convolutions, significantly improving the perception
of multi-scale targets. SqueezeSegV3 [23] advances Spa-
tially Adaptive Convolution (SAC) by dynamically adjusting
convolution kernel weights based on local geometric struc-
tures and texture variations in input images, improving
generalisation in complex scenes. RangeNet++ [21] uses
a modified DarkNet [33] as its backbone and employs
an efficient K-nearest neighbor (KNN) algorithm for post-
processing computations to deal with discretization errors.
KNN is still a widely used post-processing method for
image-based point cloud segmentation. SalsaNext [24] pro-
gressively expands receptive fields via dilated convolutions
to improve multi-scale context awareness in complex scenes
while integrating Bayesian processing to quantify both epis-
temic and aleatory uncertainties for each point. FIDNet [26]
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constructs its feature extraction network using ResNet34
[34], replaces transposed convolution for upsampling with
bilinear interpolation to mitigate artefacts, and proposes
Nearest Label Assignment (NLA) to reduce misclassifica-
tion caused by many-to-one mapping. CENet [28] builds on
FIDNet by replacing MLP with standard 3 x3 convolutions,
introducing an auxiliary loss to address pixel misalignment
resulting from bilinear interpolation, and incorporating addi-
tional nonlinear activations. These modifications increase
accuracy without increasing parameters.

2.2 Lightweight Feature Extractor

In recent years, many lightweight models have introduced
special convolution paradigms, such as group convolution,
pointwise convolution, dilated convolution, separable con-
volution, and so on, to capture a wider range of feature
information without significantly increasing the number of
parameters and computations.

SqueezeNet [32] proposes a sparse convolution mod-
ule that includes two operations: squeeze and expand. The
squeeze operation uses 1 x 1 convolutions to reduce the num-
ber of channels in the feature map, thereby reducing the
amount of computation and the number of parameters. The
expand operation combines 1x1 and 3x3 convolutions to
expand the number of channels in the feature map and allow
the model to learn richer feature representations. MobileNets
[35] uses a combination of depthwise separable convolutions
and 1x1 pointwise convolutions to effectively reduce the
computational complexity of the model to match the lim-
ited processing power of mobile devices [36]. MobileNetV2
[37] uses ResNet’s bottleneck module, which combines
depthwise separable convolutions with residual connections.
ESPNet [38] applies 1 x 1 convolutions to reduce the number
of input channels and then uses multiple dilated convolu-
tions of different scales to capture multi-scale contextual
information, thereby expanding the receptive field without
increasing the computational load, memory and power con-
sumption, which greatly facilitates semantic segmentation
of high-resolution images. Compared to ESPNet, ESPNetV2
[39] uses pointwise group convolutions and depthwise sepa-
rable convolutions and performs more efficiently on various
tasks.CTAFFNet [40] designs a Convolutional Transforma-
tion Adaptive Fusion Kernel (CTAFFK) that leverages dual
CNN and Transformer branches to extract local and global
features from images, achieving comprehensive feature rep-
resentation while maintaining high computational efficiency.

3 Method

Spherical projection is a classic projection method, the
LiDAR point cloud is projected onto a sphere to generate

arange image, as illustrated by the following Eq. 1:

()= (n-glamrinig,) o

Where (u, v) represent the coordinates of each projected point
on the range image, (x, y, z) are the Cartesian coordinates of
the corresponding point, and (H, W) are the desired height
and width of the range image. The vertical field of view
(fov) of the LiDAR is divided into an upper and a lower
part, which are designated as fov,,, and fov4oun, respectively.
The variable r represents the distance from each point to the
origin. This equation establishes a correspondence between
the three-dimensional point coordinates and the pixel coordi-
nates of the range image. In the field of 2D image processing,
Dp-M3D [41] effectively leverages monocular depth estima-
tion to generate depth maps, which have proven valuable
for providing depth-aware information in subsequent fea-
ture fusion and contributing to competitive performance. Our
range image, in contrast, preserves the complex characteris-
tics inherent in the original point cloud data. The range image
typically has five channels, each representing a specific piece
of characteristic information about the point’s coordinates,
range, and intensity.

The overall architecture of our MSCSeg is illustrated in
Fig. 2. We adopted the classical encoder-decoder architec-
ture. Initially, the 5-channel range image features generated
by the spherical projection are fed into three standard 3
X 3 convolutional layers to generate a 128-channel high-
dimensional tensor. Subsequently, the data is then fed into
an encoder comprising four BAResBlocks in series to gen-
erate a multi-resolution feature image, and the final three
residual blocks perform downsampling of the feature map
while simultaneously extracting the features. After reducing
the size of the feature map to (H/8, W/8), it is passed to the
decoder stage of the network. The features are further pro-
cessed by the CSCB. The system comprises two modules, the
WinSA and the StrConv, which are connected in series. The
WinSA is responsible for capturing local contextual informa-
tion within the image, while the StrConv reacts significantly
to drastic changes in the coordinates, distance and intensity,
and is used to capture the boundary information of the tar-
get. Moreover, due to the copious detail information present
in the encoder features, we integrate the multi-stage encoder
features with the decoder features generated by the CSCB
via the FCAB to address the issue of insufficient detail infor-
mation in the low-resolution decoder features resulting from
downsampling. In the end, we designed SegHead to retain the
feature information of each stage and output semantic labels
and used KNN for post-processing. The following section
provides a comprehensive description of the modules.
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Fig.2 The architecture of our MSCSeg

3.1 BAResBlock

The structure of our BAResBlock is shown in Fig. 3. The
range image generated by spherical projection has the prob-
lem of stretching the spatial relationship between the original
points. The elevation angle of the vehicle radar is limited, for
example, the 64-line vehicle LIDAR has only 64 discontin-
uous laser beams in the vertical direction while the azimuth
angle is continuous at 360°, so more attention to the hori-
zontally oriented sensor field of the range image is required
to alleviate this problem. We optimize the standard Res-
Block to make it more suitable for range image segmentation
tasks. We replace the original standard 3 x 3 convolution layer
with asymmetric depthwise separable convolution modules
with different scales (3x5, 5x7, 7x9) in three branches.
This modification enables the residual module to integrate
contextual information of varying scales and to possess a
more extensive receptive field in the azimuth direction. It
is notable that the lightweight performance is attained even
with the incorporation of three convolutional layers since the
depthwise separable convolutions have a small number of
parameters. To minimize the impact on the speed of model
inference, we only replace the first ResBlock of each encod-
ing layer.

3.2 CSCB

We introduce the CSCB to process the feature images further.
As shown in Fig. 4, CSCB consists of the WinSA for captur-
ing local features and the StrConv for enhancing boundary

features. The CSCB(-) can be formulated as in Eq. 2:

CSCB (x) = StrConv (BN (WinSA (BN (x)))) 2)

3.2.1 WinSA

The WinSA captures local information in context by dividing
the feature image into local windows and locally calculat-
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Fig. 3 The branched asymmetric convolution residual block (BARes-
Block)

ing the self-attention score within the window. For a given
input feature map, the size is first adjusted to align with the
specified window size, and then the map is divided into mul-
tiple local windows. In each local window, Query (Q), Key
(K), and Value (V) Matrices are generated. The self-attention
mechanism is employed to ascertain the relevance of each
token in relation to its neighboring tokens, thereby deriv-
ing an attention score. Subsequently, the score is scaled, and
a relative position bias is added, after which softmax o (-)
is performed to obtain the attention weight. The weight is
applied to the V matrix to generate a weighted feature. In
order to control the computational cost, this process is per-
formed independently in each window, focusing only on local
information within the window. Once the calculation is com-
plete, the results are rearranged and fused with the original
input. Finally, a 3 x 3 depthwise convolutional layer DWC(-)
is used to obtain the final output. The WinSA(-) can be for-
mulated as in Eq. 3:

WinSA (x) =DWC(x+ 0 (Q x K) x V) 3)
3.2.2 StrConv

The StrConv captures multi-scale features by concatenating
strip convolutions of different sizes and improves the seg-
mentation results of object boundaries. Specifically, we first
use a standard 1 x 1 convolution C1(-) to preprocess the input,
and then extract multi-scale features by using three branches
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Fig.5 (a) Squeeze channel attention block (SCAB), (b) Feature cascade attention block (FCAB), (c) Adaptive spatial attention block (ASAB)

of asymmetric strip convolution. These multi-scale feature
maps are fused with the preprocessed features through a
residual connection, and the original input features are fur-
ther integrated with the fused features through a standard
1x1 convolution layer C2(-). The StrConv then enhances
the model’s focus on important features by element-wise
multiplying this output with the original input features. The
lightweight strip convolution is dilated in one dimension and
compact in the other, making it sensitive to feature changes
in specific directions in the image. The StrConv(-) can be
formulated as in Eq. 4c:

Fi1 (x) =LR (CI (x)) (4a)
F(x) = ZBN (Cix1 (Cixi (F1 (x)))) (4b)
StrConv (x) = C3 (C2 (LR (F} (x) + F> (x))) x) (4c)

3.3 FCAB

The FCAB is used to fuse the channel and spatial dimen-
sions of high-resolution encoder features and low-resolution
decoder features. Its structure is shown in Fig. 5. First, the
decoder feature x4, is upsampled by Up(-), and the encoder
feature x,,, is input into the 1x 1 convolution channel C1(-).
The two are then fused by CAT(-) to form a concatenated
feature. A 3x3 convolution C2(-) further integrates this con-
catenated feature and is then fed into the squeeze channel
attention block SCAB(-), which assigns different weights to
each channel, distributing the weights to emphasize feature
channels that are more relevant to the segmentation task,
while suppressing useless and redundant feature channels.
The output of SCAB is then fed into the adaptive spatial
attention block ASAB(-) to identify areas in the feature map
that require focused attention and to further capture local
contextual information to improve the model’s spatial per-
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Table 2 Experimental results of our proposed MSCSeg and other LiDAR segmentation methods on the SemanticKITTI test set

mloU car bicycle motorcycle truck other-vehicle person bicyclist motorcyclist road parking sidewalk other-ground building fence vegetation trunk terrain pole traffic-sign

method

11.2 36.3

25.5 54.7

29.2 59.6

61.5
73.7

4.6
17.7

54.7

84.9 28.4
88.6 45.8

90.4 56.9

1.2
39

17.3
4.6

16.5

4.8

30.8 68.318.1 5.1 4.1

SqueezeSegV2 [20] 39.7 81.8 18.5

SqueezeSeg [19]

358 60.2 20.236.3

60.3 59.0 44.238.1

41.1 71.8
49.7 78.3

67.6

25.1

20.1

13.4 14.0
42.7 38.7

17.9

81.1

15.5

67.9

475 48.8
383

214

50.3 94.0 19.8
522 914257
543 93.8403
54.3 94.323.1
55.5 93.430.2

SqueezeSegV3 [23] 559 92.5 38.7

RandLA-Net [13]

55.1 64.6 479559

65.5 67.8 51.8575

58.6 80.5
61.3 84.0
57.1 83.7

59.7 83.5

87.4

90.0
92.7

88.5

91.8650 752 27.8

90.8 61.7

4.8

38.8

25.7 23.0
229 285

34.4

RangeNet++ [21]
PolarNet [22]

21.7

74.4

5.6
7.9
18.1

432 402

4

30.1

68.4 647 57.360.1

69.7 29.3

91.1 63.8
90.6 62.3

36.4

3.1

26.1 36.7
26.1 28.5

29.6 33.0

26.2

PCSCNet [18]
MPF [25]

59.7 69.2 49.7 58.1

74.5

46.1

48.1

38.3

58.7 654 49.6 58.9

69.2 69.1

59.4 82.0
64.2 84.8
61.5 84.4

74.8 26.4 89.0
7
64.2 81.8

91.7 63.4
88.8 61.3

20.1

45.6 462

61.5

36.5

56.4 47.4

67.6 68.2 57.559.9

95.0

31.6

2.7

11.8
337

61.6

334 443
41.8 37.7

38.9 319

425

58.8 96.0 32.0
59.4 952393
59.5 91.9483
59.5 93.9 54.7
59.9 95.431.8

KPConv [14]

63.6 66.5 54.3062.1

90.5

74.9 14.2

91.7 63.7

91.3 66.0
90.6 59.1

41.7 552 48.1

ACPNet [42]

90.2

29.1

75.8
7

19.4

60.2  59.0
62.3

38.6
48.9

SalsaNext [24]
FIDNet [26]

644 69.0 533628

60.5 84.5
60.8 82.7

26.7 88.9

5.8
74

23.7

59.8

27.6 23.9

634 679 537520

89.8

23.6

4

90.9 62.2

53.0
8.1

55.7

49.5

48.7 46.7
30.9 38.6

355

BAAF-Net [15]

66.0 66.5 535629

65.7 83.0

91.2

76.9 30.5

92.3 65.9

59.2

63.5

44.6

SalsaFusedNB [44] 60.2 92.7 51.2

65.5 655 56.3 64.2

67.7 66.6 58561.1

91.1 64.7 82.6

29.2

.6

74
7

43.9 432 63.7 53.1 18.7 90.6 64.3
23.7

43.8

Meta-RangSeg [27] 61.0 93.9 50.1

65.9 83.5

91.0

28.5

5.6

91.5 67.2

65.7 675

48.3 434 36.6

.6

62.6 93.6 53

MSCSeg (Ours)

4 EXPERIMENT

In this section, we first introduce the experiment dataset and
the details of the model implementation. Then, we discuss
the performance of the proposed model in the point cloud
semantic segmentation task. Finally, we provide ablation
experiments to verify each module’s effectiveness.

4.1 DataSet

All experiments are conducted on SemanticPOSS [4] and
SemanticKITTI[3]. SemanticPOSS is a point cloud semantic
segmentation dataset mainly used in autonomous driving,
containing 2,988 LiDAR scans with point-wise labelling and
14 classes, a total of 6 sequences 00 to 05, of which sequence
02 is used as the test dataset. SemanticKITTI is a large-scale
outdoor point cloud dataset that provides 23,201 full 3D scans
for training and 20,351 for testing. Sequences 00 to 07, 09
to 10 are used as the training set, 08 as the validation set,
and 11 to 21 as the test set. The dataset contains a total of
28 semantic categories, and only 19 semantic categories are
used for evaluation under single-scan conditions.

4.2 Implementation details

The experiments used Pytorch 2.1.0 on two NVIDIA GeForce
RTX 3090 GPUs with 24GB of memory, and recorded the
inference speed of the model on a single NVIDIA GeForce
RTX 2080Ti GPU. Our network used the AdamW optimizer
with an initial learning rate of 2¢ 3. During training, we used
random rotations, random point drops, and point flips for data
augmentation. We trained for 50 epochs with a batch size of
4 for the segmentation experiments on the SemanticKITTI
dataset and 60 epochs with a batch size of 4 for the Seman-
ticPOSS dataset. We followed the ResBlock combination
method of ResNet34 to combine BAResBlock. In the Str-
Conv, we setito 3, 5, 7. In the WinSA, we set the num head
to 8 and the window size to 8. In the SCAB, we set the chan-
nel compression ratio to 8. In the ASAB, we set the size of
the convolutional kernel after channel fusion to 3x3.

4.3 Evaluation Results and Comparisons

Table 1 shows the segmentation results of various net-
works on the SemanticPOSS test set. We compare our
method with other projection-based solutions. Our network
achieves the most advanced segmentation performance, and
our segmentation effect on rider and cone/stone far exceeds
the performance of other models. It also shows significant
improvements in other challenging categories that are typi-
cally difficult to segment accurately. These results indicate
that our model has better feature extraction capabilities.
Thanks to the CSCB module, we can obtain a more detailed
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Point Cloud

Ground Truth FIDNet MSCSeg (Ours)

Fig. 6 Qualitative analysis on SemanticKITTI validation set. The frame for FIDNet, and the segmentation error maps in this scan frame
images from left to right show the input data of the LIDAR scan frame, for MSCSeg (Ours). (Red indicates the wrong predictions)
the segmentation ground truth, the segmentation error maps in this scan

Table 3 Comparison of different convolution combinations for the FIDNet FIDNet (CSCB)
BAResBlock

Combination Params mloU(%)

3x3Conv 8.08M 61.2

(3x3)(5%x5)(7x7)DWConv 7.53M 61.6

(3x5)(5x7)(7x9)DWConv 7.55M 61.9

(5x5)(7x7)(9%9)DWConv 7.57TM 61.8

Baseline BAResBlock

CSCB

FCAB

FIDNet

Table 4 Ablation study evaluated on SemanticKITTI validation set
mloU(%)
57.9
58.4
61.3
61.9

Fig.7 Optimization effect of the CSCB.(Red indicates the wrong pre-

feature representation of the boundary contours of small  dictions)
objects without treating them as part of other large categories.

@ Springer



Signal, Image and Video Processing (2025) 19:1074

Page9of11 1074

We also submitted our segmentation results on the
SemanticKITTTI evaluation server. Table 2 provides detailed
categorical quantitative results of our MSCSeg and other
methods in the SemanticKITTI LiDAR semantic segmenta-
tion challenge. Our proposed method achieves better segmen-
tation performance than most point-based and voxel-based
state-of-the-art methods. MSCSeg achieves a performance
gain of 3.1% on the SemanticKITTI test set compared to
the baseline method FIDNet. Moreover, our projection-based
model performs more efficiently than methods based on
other objects, achieving an inference speed of 11.8 FPS on
a single RTX 2080Ti GPU. For the SemanticKITTI dataset,
which acquires point cloud data at 10 FPS, our method meets
real-time requirements. These results demonstrate the effec-
tiveness and superiority of our method.

In Fig. 6, we show the segmentation error results of our
model on the SemanticKITTI 08 sequences (validation set)
and compare them with the segmentation results of the base-
line method FIDNet. In comparison, MSCSeg provides more
accurate predictions both between and within classes, mainly
due to the CSCB module.

4.4 Ablation Studies

In this section, we explore the impact of different convolu-
tion combinations on the number of parameters and model
segmentation performance. We focus on 64-line vehicle-
mounted LiDAR, using an input distance image size of 64 x
2048. The experimental results on the SemanticKITTI vali-
dation set are shown in Table 3. When the multi-scale deep
convolution combination is used to replace the traditional 3 x
3 convolution, not only the number of parameters is reduced,
but also the mIoU of the model is generally improved. This
indicates that the bigger receptive field, possessed by multi-
scale convolution is beneficial to the feature learning of the
method in this paper. When comparing different combina-
tions of deep convolution, the combination of 3x5, 5x7 and
7x9 DWConv achieves the best performance, which pos-
sesses a larger sensory field in the horizontal direction, and
this asymmetric design of vertical and horizontal kernel sizes
is more suitable for the feature extraction of distance images,
while the combinations of 5x5, 7x7 and 9x9 DWConv
learns more redundant information in the vertical direction,
resulting in inferior performance to the former.

Besides, We discuss the effectiveness of each design
in the MSCSeg. Our experiments were conducted on the
SemanticKITTI validation set, and the results are shown in
Table 4. First, we used three standard convolutional layers
to generate a 128-channel high-dimensional tensor and then
replaced the original ResBlock of FIDNet with the BARes-
Block, which improved the mIoU by 0.5%. Next, the mloU
was improved by 2.9% by integrating CSCB into the decoder
part of the network. Fig. 7 demonstrates the optimization

effects of the proposed method after incorporating the CSCB.
Compared to the segmentation error map on the left, it is evi-
dent that the CSCB reduces misclassifications at inter-class
boundaries. This results in more accurate and clearer point
cloud predictions at the target boundaries. To alleviate the
problem of detail loss during downsampling, we proposed
FCAB, which achieved a gain of 0.6% mloU.

5 Conclutions

In this work, we propose MSCSeg, a range image-based
multi-scale contextual network for point cloud semantic
segmentation. MSCSeg consists of three main modules:
BAResBlock, which employs depthwise convolutions with
asymmetric kernel sizes to achieve cost-effective targeted
feature extraction from range images; CSCB, integrating
local window self-attention and multi-scale strip convolu-
tions to capture fine-grained features within local windows
while alleviating boundary ambiguity in segmentation; and
FCAB, designed to hierarchically compensate for detail loss
during downsampling by fusing low-level spatial details
with high-level semantic features through attention mecha-
nisms. Experiments on different outdoor street scene datasets
demonstrate that MSCSeg achieves competitive performance
while maintaining an inference speed that meets real-time
requirements. However, as a single-frame segmentation
approach, MSCSeg faces limitations in handling severe
occlusion scenarios. Inspired by TS-BEV [43] and TFNet
[31], Future work will explore integrating temporal-spatial
feature fusion mechanisms to enhance occlusion reason-
ing, while maintaining computational efficiency through
lightweight attention design.
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