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Multiview Fusion Driven 3-D Point Cloud
Semantic Segmentation Based on

Hierarchical Transformer
Wang Xu , Xu Li , Peizhou Ni , Xingxing Guang, Hang Luo, and Xijun Zhao

Abstract—Three-dimensional semantic segmentation is a
key task of environment understanding in various outdoor
scenes. Due to the sparsity and varying density of point
clouds, it becomes challenging to obtain fine-gained seg-
mentation results. Previous point-based and voxel-based
methods suffer from the expensive computational cost.
Recent 2-D projection-based methods, including range-view
(RV), bird-eye-view (BEV), and multiview fusion methods, can
run in real time, but the information loss during the projection
leads to the low accuracy. Also, we find that the occlusion
and interlacing problems exist in single projection-based
methods and most multiview fusion networks only focus
on the output-level fusion. Considering the above issues,
we propose a multilevel multiview fusion network using attention modules and hierarchical transformer, which ensures
the effectiveness and efficiency mainly by the following three aspects: 1) the spatial-channel attention module (SCAM)
integrates contextual information between points and learn differences of each channel’s features; 2) the proposed
geometry-based multiprojection fusion module (GMFM) achieves the geometric feature alignment between RV and BEV
and fuses the features of the two views at both feature level and output level; and 3) we introduce KPConv to replace KNN,
which can reduce the information loss during the postprocessing. Experiments are conducted on both structured and
unstructured datasets, including urban dataset SemanticKITTI and off-road dataset Rellis3D. Our results achieve a better
performance compared to other projection-based methods and are comparable with the state-of-the-art Cylinder3D.

Index Terms— 3-D point cloud, multihead attention, multiview fusion, semantic segmentation.

I. INTRODUCTION

SEMANTIC segmentation plays a crucial role in the field
of unmanned driving and environmental perception, which

can provide us with more precise perception information.
It increases the vehicle maneuvering and path planning ability
of unmanned autonomous vehicles [1], [2]. In recent years,
with the development of LiDAR sensors, it has become
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easier to obtain environmental information. Compared to 2-D
images, a point cloud can provide distance information and
topological relationship of elements in different scenarios [3].
Also, it is not affected by changes in ambient light and has a
strong anti-interference ability. By providing these capabilities,
3-D semantic segmentation is essential for achieving efficient
autonomous driving and has been widely researched [4].

Many models have been proposed to improve the perfor-
mance of LiDAR semantic segmentation. These methods can
be divided into the following three categories: point-based
method [9], [10], [11], [12], [40], [41], voxel-based method
[13], [14], [15], [39], and projection-based method [16], [17],
[18], [19], [20], [21].

Although point-based method has made impressive
progress, it is hard to capture the associated features between
adjacent points efficiently, making it have low accuracy and
slow reasoning speed. Voxel-based method converts point
cloud data into regular 3-D voxels and allows 3-D convo-
lutional neural networks (CNNs) to operate on the voxels
directly. However, it may lead to sparsity and granular
information loss during the voxelization process and the
efficiency of 3-D CNNs decreases with the increase in data
size [14].
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Fig. 1. Occlusion problem in RV compared with point clouds.

Fig. 2. Difference between RV and BEV.

Due to the compactness of images and the lightness of
2-D CNNs, projection-based methods can achieve superior
segmentation effect while ensuring real-time performance.
Projection-based method usually uses top-down projection
or spherical projection to deal with the raw point cloud,
thus forming bird’s-eye view (BEV) and range view (RV).
Obviously, RV and BEV contain different distributed infor-
mation of raw point cloud due to the different projection
methods. A point cloud projecting into an RV image inevitably
leads to the information loss of distant elements for several
points may be projected into one pixel, as shown in Fig. 1.
However, BEV images preserve those features, as it can project
points from the top view, making it more efficient to discern
objects in different areas especially at the farther distance,
as seen in Fig. 2, but it may lose the detailed information
of point clouds while projecting to BEV grids. Additionally,
RV demonstrates superior performance at vertically extended
objects, such as motorcycle and person, while BEV is sensitive
to those objects with large spatial on the xy plane, such as
car and vegetation. Thus, multiprojection-fusion methods [24],
[25], [26], [27] have become a trend in point cloud semantic
segmentation based on projection. However, most networks
based on multiprojection fusion only focus on the input-level
fusion or output-level fusion, ignoring the correspondence and
alignment between different views in the feature level.

In order to solve the above challenges, we propose a mul-
tilevel multiprojection fusion network, which can aggregate
the features deeply both in feature-level and output-level.
First, we design a spatial-channel-attention module (SCAM)
to learn the association of global information and the cor-
relation between different channels. Second, the proposed
geometry-based multiprojection fusion module (GMFM) can
accomplish the feature-level fusion of the two views’ features
employing multihead cross attention (MHCA) mechanism.

Finally, inspired by Kochanov et al. [28], we use KPConv
[12] to replace KNN to back project two branches’ output to
pointwise output, which can implement the output-level fusion
more efficiently. Our article’s contributions are as follows.

1) To increase the segmentation accuracy of unevenly dis-
tributed and distant points, a multilevel multiprojection
fusion network is proposed to aggregate the benefits of
the RV and BEV. It fuses RV and BEV both at the
feature level and output level, which greatly reduces the
information loss brought by RV projecting 3-D points
into a common pixel and BEV projecting points to
2-D grids. It achieves the state-of-art performance
among projection-based methods.

2) The proposed SCAM can integrate contextual infor-
mation between points and learn differences in each
channel’s features, which improves the feature expres-
siveness of remote and sparse points.

3) We design an accurate and efficient GMFM for the
feature-level fusion between RV and BEV. It aligns the
features based on the geometric association between
RV and BEV. Then, the aligned features are fed into
multihead cross-attention to complete the deep fusion.

II. RELATED WORKS

The existing LiDAR semantic segmentation methods can be
divided into the following aspects according to the input and
way of feature extraction: point-based methods, voxel-based
methods, and projection-based methods.

A. Point-Based Methods
Methods that directly operate on raw point clouds

can be categorized into three types: multilayer perception
(MLP)-based and CNN-based. PointNet [9] is a pioneering
method that processes point clouds by applying MLP to each
point and using max pooling to integrate all point information.
While PointNet effectively extracts features from individual
points, it tends to perform poorly when dealing with complex
scenes due to its lack of consideration for neighboring point
information. RandLa-Net [11] presents a method to reduce the
number of points through random sampling while preserving
the geometric features of the raw point clouds as much
as possible. KPConv [12] introduces a novel convolution
operator called kernel point convolution, which directly takes
neighboring points as an input and applies spatially located
weights during processing. This approach enhances the extrac-
tion of local features and improves performance. In general,
point-based methods suffer from slow processing speeds, low
accuracy, and limited robustness, particularly when dealing
with complex scenes and small objects.

B. Voxel-Based Methods
Voxel-based methods are commonly employed to process

3-D point clouds by converting them into regular cubes and
applying 3-D convolutions within each voxel. In the cases of
[13], [14], [15], and [31], the point cloud data are partitioned
into 3-D voxel units. However, the accuracy of these methods
is heavily influenced by the sparsity and irregularity of the
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point cloud. Recognizing the sparsity and varying density
of point clouds, Cylinder3D [13] proposed a voxel division
approach that transforms points from Cartesian coordinates to
Cylinder coordinates.

Additionally, Cylinder3D designed an asymmetrical resid-
ual block, a CNN module, to enhance the extraction of
cuboid-style features. AF2S3Net proposed a novel multi-
branch attention feature fusion module used in the encoder
and a unique adaptive feature selection module used in the
decoder. Ibrahim et al. [39] introduced the first-ever slot
attention transformer-based technique to effectively model
object-centric features in point cloud data. They use cylindrical
splits of space for voxelization and computes channelwise
positional embeddings before repetitively encoding the point
cloud with slot attentions. While these methods offer improve-
ments, they still suffer from the computational cost associated
with 3-D convolutions. This limitation poses challenges for
meeting the real-time requirements for LiDAR semantic
segmentation.

C. Projection-Based Methods
Projection-based methods can achieve better real-time per-

formance as they project 3-D point clouds into either RV [32]
or BEV. This conversion allows for the adoption of efficient
fully convolutional network (FCN) on 2-D pseudo images.
By leveraging the 2-D nature of the projected data, Wu et al.
[18], [19], Xu et al. [20], Aksoy et al. [21], Ding [22],
and Cheng et al. [23] achieve good results while maintain-
ing computational efficiency. RangeNet++ [32] proposes an
accelerated KNN for postprocessing, which plays an important
role in the following range-based methods. Salsanext [16]
transforms point clouds into RV images with five channels
through spherical projection and introduces a context module
to capture the global context information based on [13].
Meta-RangeSeg [33] adds a range residual image to the five
channels extracted in SalsaNext. Zhang et al. [34] propose a
BEV representation of the point cloud and represent it with
regular grids. Considering the imbalanced spatial distribution
of points, PolarNet [17] assigns points to polar grid based on
quantized azimuth and radius.

While projection-based methods strike a balance between
performance and accuracy, it is important to note that these
representations may result in the loss of some raw point cloud
information due to the reduction of data during the projection
process. RV methods can project multiple 3-D points onto a
common pixel, and BEV methods are not sufficiently sensitive
to those vertically extended objects. Considering the above
elements, we can achieve better label predictions by leveraging
the strengths of both views. TornadoNet [35] adopts a unique
approach by employing a pillar-projection-learning module
(PPL) to extract features from the BEV representation. These
features are then fed into a reverse-ordered encoder–decoder
CNN to model the RV data. In contrast, MPF [27] utilizes two
separate models to process RV and BEV data independently,
and the predicted softmax probabilities from both branches
are combined for the final predictions. Taking a step further,
AMVNet [24] refines the uncertain predictions obtained from
RV and BEV by employing a point head. The point head

focuses on refining the predictions that exhibit disagreements
between the two branches, thereby improving the overall
accuracy of the segmentation. Different from our proposed
method, Li et al. [25] and Alnaggar et al. [27] process BEV
and RV separately during encoding and decoding and only do
the late fusion at the output level. Especially at those distant
and sparse points, our method performs better than single
BEV or RV networks and those multiview-based methods that
ignore feature-level fusion.

III. METHODOLOGY

RV loses some important information of distant objects
due to the staggered and occlusion distributions of the scene
elements. However, BEV projection can compensate for the
shortcomings of range projection in the mentioned aspect.
As shown in Fig. 3, we propose multilevel multiview fusion
network, which fuses the features of BEV and RV at the
feature level by the GMFM. The details are described in the
following.

A. RV Branch
We project a 3-D LiDAR scan onto spherical RV pseudo

images as the input of the RV branch, which consists of five
channels including (x , y, z), intensity, and range. Before doing
the projection, we first project a point (x , y, z) from cartesian
space to spherical space as follows.

In order to ensure both real-time performance and accuracy
of our algorithm, we refer to SalsaNext’s encoder–decoder
structure as the backbone of our RV branch. However,
we observe that different channels within the range image
contain distinct information. To address this issue, we intro-
duce the channel-attention module (CAM), which aims to
enhance the channel features by learning the relationships
between the various channels while preserving the original
features. Another challenge we encounter is the lack of
contextual information across the network. To overcome this
limitation, we devise a spatial-attention module (SAM) to
capture global context alongside more detailed spatial infor-
mation. By incorporating larger receptive fields, this module
enables the network to grasp complex correlations among
different classes.

As shown in Fig. 4, X in is the input of the RV branch;
Xout is the enhanced features processed by the SCAM. SCAM
consists of SAM and CAM, which denote the spatial-attention
module and channel-attention module.

B. BEV Branch
To learn the effective features from BEV pseudo images,

top-down projection is employed to transform a point cloud
to BEV image. Inspired by Zhang et al. [17], we use polar
partitioning instead of Cartesian partitioning, which makes
the points more evenly distributed across each BEV grid.
Furthermore, considering that several points may exist in one
BEV grid, to avoid arbitrarily handcrafting the features for
each grid, we use an MLP to capture the distribution of points
in each grid with a higher dimensional feature representation.
Then, a max pooling layer is used to aggregate the features of
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Fig. 3. Overall architecture of the proposed network. Here, the points are projected into RV and BEV, which are separately fed into two branches for
multilevel feature extraction. Then, intermediate features from three layers are fused through GMFM and the fused features of each branch are fed
into next layer, respectively. Finally, the outputs of both branches are fed into G2P module and point head to obtain the final point cloud prediction.

Fig. 4. Architecture of the SCAM.

points in each grid to represent the features possessed by that
grid.

After extracting the features of BEV images, to achieve a
balance between computation costs and segmentation accu-
racy, we choose ResNet [37] with 34 layers as an encoder
network, which has a maximum of 256 channels. The decoder
blocks apply transpose convolutions and fuse upsampled fea-
tures with those of the early blocks via skip connections.

C. Feature-Level Multiview Fusion Module
To achieve the complementary advantages of RV and BEV

images in LiDAR semantic segmentation, we design a GMFM

Fig. 5. Overall architecture of GMFM. FAM aligns the two branches’
features using geometric relationship. Then, the aligned features are fed
into MHCA to derive the fused features.

to fuse the two views’ features based on the geometric
association between RV and BEV. As shown in Fig. 5, the
GMFM divided into two branches, where one is to obtain the
fused RV features and the other is for the fused BEV features.
Here, I will take the RV branch as an example to analyze the
process of fusion.

First, the input RV and BEV features are fed into the fea-
ture alignment module (FAM), which implements the feature
alignment from BEV to RV by calculating the geometric
transformation matrices M B→R . During the transformation,
we utilize the original point cloud as an intermediary agent.
We first calculate the matrices M B→P ∈ ZHb×Wb in the fol-
lowing equation, which alignment the features of RV images
to original point clouds, as shown in Fig. 6:

M B→P =

 n(0,0) · · · n(0,Wb−1)

...
. . .

...

n(Hb−1,0) · · · n(Hb−1,Wb−1)

 (1)
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Fig. 6. Architecture of FAM.

where (H b, Wb) are the width and height of the 2-D BEV
images, and {n(i, j)|0 ≤ i ≤ Hb − 1, 0 ≤ j ≤ Wb − 1} is the
n(i, j)th point, which projects on (i, j) coordinates; then, the
transformation matrices M P→R ∈ ZN×2 from original points
to RV image can be seen as follows:

M P→R =
[

r0 · · · r N−1
]

=

[
u0 · · · uN−1
v0 · · · vN−1

]
(2)

where N is the number of points, and {rk = (uk, vk)|0 ≤

k ≤ N − 1} represents the projected pixel coordinates of 2-D
RV image, corresponding to the kth point. By calculating the
M B→P and M P→R , we obtain the geometric transformation
matrices M B→R ∈ ZHr ×Wr ×2

M B→R =

 rn(0,0)
· · · rn(0,Wb−1)

...
. . .

...

rn(Hb−1,0)
· · · rn(Hb−1,Wb−1)

. (3)

Finishing the feature alignment, we record the transformed
BEV features as FB2R, the concatenating result of FB2R and
FRV as FRB. Then, FRV and FRB are, respectively, reshaped
into the sequences of flattened 2-D patches. We select FRB as
queries q and FRV as keys k and values v. Then, MHCA and
feed-forward network in (5) are used to aggregate the features
of RV and BEV as FRVfused. The BEV branch can be processed
similar to get the fused BEV features{

FMHCA = Norm(FRB + MHCA(FRB, FRV, FRV))

FRVfused = Norm(FMHCA + FFN(FMHCA)).
(4)

D. Output-Level Multiview Fusion Module
The output-level multiview fusion module is accountable for

transforming the two views’ output of decoder module into
final semantic predictions of all points in the input 3-D point
cloud. Inspired by Qiu et al. [36], we introduce grid-to-point
(G2P) module to back project the RV output and BEV output
to point view, which consists of a grid sampling and KPConv
[12]. The results are, respectively, recorded as QR and QB .
As shown in (5), we feed the concatenated result of QR and
QB into the point head composed of an MLP, a max pooling
layer, and a fully connected (FC) layer to obtain the final 3-D
point cloud semantic predictions Q P

Q P = pointhead
(
cat

(
QR, QB

))
. (5)

E. Loss Function
Let Y P to be the pointwise 3-D semantic segmentation

labels. Meanwhile, QR, QB , and Q P [see (5)] are the final
3-D predictions of RV branch, BEV branch, and fusion output.

Following [16], [23], we adopt a combination of
cross-entropy loss LCE and lovaszsoftmax loss Llovasz [38] to
calculate the loss of three parts. Lrb, Lbev, and Lrv, respectively,
represent the loss of fusion output, BEV output, and RV
output. Each part is defined as

Lrb = LCE
(

Q P , Y P
)
+ Llovasz

(
Q P , Y P

)
Lbev = LCE

(
QB, Y P

)
+ Llovasz

(
QB, Y P

)
Lrv = LCE

(
QR, Y P

)
+ Llovasz

(
QR, Y P

)
.

(6)

To optimize all the modules in the proposed segmentation
model, the total loss can be calculated into L as αLrb+βLbev+

γ Lrv, where α, β, and γ are set as 1.0, 0.5, and 0.5 to balance
the loss terms.

IV. EXPERIMENT
A. Dataset

We select the public urban dataset Semantic-KITTI [6]
and off-road dataset RELLIS-3D [7] to verify our method’s
effectiveness and robustness. The detailed information of the
two datasets is as follows.

Semantic-KITTI dataset is a widely used benchmark dataset
for semantic segmentation and scene understanding tasks
in autonomous driving. The dataset provides high-resolution
point cloud data collected by a Velodyne LiDAR sensor.

RELLIS-3D dataset consists of five sequences collected
from three unpaved roads in the Texas A&M University
RELLIS campus, which contains annotations for 13 556
LiDAR scans. Our experiments use only 14 classes with
annotations (except void) for training and testing.

For further validating the segmentation performance and
the scenario adaptation of the proposed method, we collected
100 frames of the unstructured scene. We consider outdoor
parking lots and roads without clear road boundaries or lacking
marking lines as unstructured scenes. The unstructured scene
test set we build is collected by a vehicle equipped with
a Velodyne 32-line LiDAR and a forward-facing monocular
camera, ensuring synchronized data acquisition between the
two sensors.

B. Evaluation Metric
The mean intersection over union (mIoU) is an evaluation

metric commonly used for point cloud semantic segmentation
tasks. It measures the quality of the predicted segmentation
masks by assessing the overlap between the predicted and
ground truth labels. To calculate mIoU, each predicted point
is assigned a label, and the intersection and union of points
with the same label are computed. The IoU score for each
class is then calculated as the ratio of the intersection to the
union. Finally, the average IoU scores across all classes are
computed to obtain the mIoU.

C. Implementation Details
For Semantic-KITTI, we set the input shape of RV branch

as (Wrv = 2048 and Hrv = 64). Meanwhile, the BEV branch’s
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TABLE I
RESULTS (IN %) AND TIME OF TYPICAL STREAMS OF METHODS AND OUR PROPOSED METHOD ON SEMANTICKITTI. THE METHODS ARE

GROUPED AS POINT-BASED, VOXEL-BASED, SINGLE-PROJECTION-BASED, AND MULTIPROJECTION FUSION

NETWORKS. ∗: RESULT REPRODUCED BY [26]

Fig. 7. Visual comparison with different state-of-the-art methods on the Semantic KITTI dataset.

inputs are (Wbev = 320 and Hbev = 480). The input of
RELLIS3D is the same as that of Semantic-KITTI.

All experiments are conducted on a desktop with 128-GB
RAM, an Intel Xeon1 E5-2678 clocked at 2.5 GHz under
Ubuntu 20.04 using Pytorch. Our network is trained for
50 epochs with a batch size of 16, which takes around 48 h on
four NVIDIA RTX 3090 GPUs of 24-GB memory. We utilize
stochastic gradient descent (SGD) as the optimizer with a
weight decay of 0.001, a momentum of 0.9, and an initial
learning rate of 0.02.

D. Experimental Results
We compare the method we propose with those highly

competitive methods, which can be separated into point-based,

1Registered trademark.

sparse voxel-based, single-projection-based, and multiview-
based methods. We trained each method using the same
training strategy in its paper on our experimental platform.

1) Results on SemanticKITTI: The test results compared to
other state-of-art approaches can be seen in Table I, which
are grouped as point-based, voxel-based, and projection-based
methods from top to bottom. We analyze the results on
SemanticKITTI mainly compared with the following methods:
Cylinder3D (voxel-based), Salsanext (single projection-based),
and GFNet (multiprojection-based), as is shown in Table I and
Fig. 7.

When compared with Cylinder3D, our proposed method
gets a slight drop in mIoU (0.3%). This is because
projection-based methods cannot avoid the information
loss during the projection process. Owing to the multi-
view fusion based on hierarchical transformer, our method
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TABLE II
RESULTS (IN %) AND TIME OF TYPICAL STREAMS OF METHODS AND OUR PROPOSED METHOD ON RELLIS-3D. THE METHODS ARE GROUPED

AS POINT-BASED, VOXEL-BASED, AND PROJECTION-BASED NETWORKS

Fig. 8. Visual comparison with different state-of-the-art methods on RELLIS-3D dataset.

achieves an improvement of vertically extended objects,
such as pole and fence. Besides, it takes much less time
(107.1 ms faster) owing to the implementation of effec-
tive feature aggregation operations and lightweight network
backbone.

Compared with Salsanext, our method gets an improvement
mIoU of 8.0%. Owing to the multiview fusion between RV and
BEV, it has an improvement on most categories, especially
those objects with large spatial on the xy plane, such as car,
parking, and road.

Compared with GFNet, our method obtains a 2.1% increase
in mIoU. This is because the proposed SCAM enhances
the contextual and channel information. Besides, the GMFM
could achieve a deep fusion between two views by using the
proposed GMFM.

2) Results on RELLIS-3D: Different from SemanticKITTI,
RELLIS-3D dataset is recorded in unstructured environment.
Therefore, the mIoU of each algorithm decrease due to the sce-
nario’s complexity. In order to verify the effectiveness of our
algorithm, we select [11], [13], [16], and [26], which achieve
extraordinary results among the different kinds of methods
to make comparison. We mainly analyze the results with

Cylinder3D (voxel-based) and Salsanext (projection-based),
as is shown in Table II and Fig. 8.

When compared with Cylinder3D, our method gets a slight
drop in mIoU (1.1%). This is because its cylindrical parti-
tion and asymmetrical 3-D convolution networks could well
handle the sparsity and varying density. However, our method
achieves an improvement of those objects, which are staggered
in the off-road environment, such as grass and tree. Besides,
our method takes much less time (78.3 ms faster).

When compared with Salsanext and GFNet, our method
achieves an improvement of 2.0% mIoU and 0.9% respec-
tively, and outperforms both of them on most classes. This
consistent improvement validates the effectiveness of the pro-
posed GMFM and SCAM.

3) Results on Our Own Test Set: For further verifying the
robustness and adaptivity of our method in different and
complex scenarios, we perform extra experiments on our
unstructured test set. The data were collected at different
locations on a totally different platform from the above two
training sets using Velodyne 32-line LiDAR sensor, which
ensures the distribution of point cloud features (x , y, z,
reflectivity, and noise) adaptive for these proposed methods.
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Fig. 9. Sample results of different models on our test set. The first row of each scenario represents the predictions using saved model parameters
from SemanticKITTI training set, while the second row is from RELLIS-3D training set.

We test Cylinder3D (voxel-based), Salsanext (single
projection-based), and GFNet (multiprojection-based) on our
own datasets. The results can be seen in Fig. 9.

When compared with Cylinder3D, our method achieves
comparable performance. However, when dealing with
occluded objects, the segmentation accuracy of our method
is significantly better. Also, our method spends less time than
Cylinder3D.

Compared with Salsanext and GFNet, the segmentation
performance in most categories improved a lot benefiting
from the deep fusion of RV and BEV through hierarchical
transformer. It can be seen that the car and road in Fig. 9
selected by the red boxes are segmented more completely.

E. Ablation Study
We design exhaustive ablation experiments to validate the

efficacy of our proposed methodologies. These methods are
trained with the same parameters in SemanticKITTI validation
sets.

To determine the efficacy of our proposed network,
we first compare our approach to the RV-single, BEV-single,
and ensemble approaches. Compared to the RV-single and
BEV-single methods, fusing the two branches only at the
output level results in 2.9 and 4.1 mIoU improvements,
as shown in Table III. Moreover, after adding our proposed
blocks, it outperforms the ensemble method (+3.8 mIoU).

We mainly focus on the segmentation accuracy of objects,
which are more than 40 m away from the LiDAR. As is
shown in Fig. 10, our method is more efficient than RV-single,
BEV-single, and ensemble methods.

TABLE III
RESULTS (IN %) OF ABLATION STUDIES FOR DIFFERENT INPUT TYPES

IN SEMANTICKITTI VALIDATION SETS

Fig. 10. mIoU at varying radial distance for the SemanticKITTI valida-
tion sets.

Subsequently, we analyze the effects of each incorporated
component, including the SCAM, the GMFM, and KPConv,
as shown in Table IV. SCAM increases the mIoU by 1.2%,
proving its efficacy. GMFM combines the characteristics of RV
and BEV based on geometric transformation and MHCA at the
feature level, thereby enhancing performance (+1.8 mIoU).
In addition, when we replace KNN with KPConv to combine
the RV and BEV features, the proposed network obtains a
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TABLE IV
RESULTS (IN %) OF ABLATION STUDIES FOR NETWORK COMPONENTS

IN SEMANTICKITTI VALIDATION SETS

66.2% mIoU in performance for the SemanticKITTI validation
sets. These results indicate that the proposed method can
effectively propagate complementary information between RV
and BEV, thereby enhancing each branch’s performance.

V. CONCLUSION

In this article, we present a multiview multilevel fusion
method for LiDAR semantic segmentation that accomplishes
the deep fusion between BEV and RV methods at both the
output and feature levels. In particular, three modules are
intended to improve the efficacy of semantic segmentation.
First, the SCAM, comprised of the spatial attention module
and the channel attention module, is presented to incorporate
contextual and channel information of input features. Second,
we devise a GMFM that implements the geometric alignments
between the features of the RV and BEV branches and then
uses an MHCA module to fuse the aligned features. Finally,
we replace KNN with KPConv to enhance the precision of
postprocessing.

Experiments are conducted on the SemanticKITTI urban
dataset, the RELLIS-3D off-road dataset, and our own test
dataset. We compare our method to several point-based,
voxel-based, single-projection-based, and multiprojection-
based methods, respectively. The results demonstrate that our
method can account for both efficiency and accuracy in both
structured and unstructured scenarios, and the ablation studies
demonstrate that each component of our newly introduced
method enhances the efficacy of the network.
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