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Abstract

Although multiview fusion has demonstrated potential in Li-
DAR segmentation, its dependence on computationally in-
tensive point-based interactions, arising from the lack of
fixed correspondences between views such as range view and
Bird’s-Eye View (BEV), hinders its practical deployment.
This paper challenges the prevailing notion that multiview fu-
sion is essential for achieving high performance. We demon-
strate that significant gains can be realized by directly fusing
Polar and Cartesian partitioning strategies within the BEV
space. Our proposed BEV-only segmentation model lever-
ages the inherent fixed grid correspondences between these
partitioning schemes, enabling a fusion process that is or-
ders of magnitude faster (170× speedup) than conventional
point-based methods. Furthermore, our approach facilitates
dense feature fusion, preserving richer contextual informa-
tion compared to sparse point-based alternatives. To enhance
scene understanding while maintaining inference efficiency,
we also introduce a hybrid Transformer-CNN architecture.
Extensive evaluation on the SemanticKITTI and nuScenes
datasets provides compelling evidence that our method out-
performs previous multiview fusion approaches in terms of
both performance and inference speed, highlighting the po-
tential of BEV-based fusion for LiDAR segmentation.

Code — https://github.com/skyshoumeng/PC-BEV

Introduction
LiDAR point cloud segmentation is an essential perception
task in autonomous driving systems (Li et al. 2020b; Gao
et al. 2021; Feng et al. 2020), aiming to provide fine-grained
semantic understanding of the surrounding environment at
the point level. Existing methods predominantly fall into
three categories: point-based (Qi et al. 2017; Tatarchenko
et al. 2018; Cheng et al. 2020; Thomas et al. 2019), voxel-
based (Choy, Gwak, and Savarese 2019; Tang et al. 2020;
Zhu et al. 2021; Ye et al. 2021), and projection-based ap-
proaches (Milioto et al. 2019; Alonso et al. 2020; Zhao,
Bai, and Huang 2021; Cheng, Han, and Xiao 2022; Ando
et al. 2023). Among these, projection-based methods, which
leverage the efficiency of 2D convolutional neural networks
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Figure 1: Comparison with other projection-based methods,
the results demonstrates the advantages of our method over
others in terms of both performance and speed. Experiments
are conducted on the nuScenes validation set.

(CNNs) on projected point clouds, have gained popularity
due to their real-time inference capabilities, a critical re-
quirement for autonomous vehicles. However, the inherent
information loss during the 3D-to-2D projection process of-
ten limits their performance compared to computationally
intensive voxel-based methods (Cheng et al. 2021).

Multiview fusion has emerged as a promising solution to
bridge this performance gap by exploiting the complemen-
tary information captured by different projection techniques
(Liong et al. 2020; Xu et al. 2021). Recent multiview fu-
sion methods, such as AMVNet (Liong et al. 2020), GFNet
(Qiu, Yu, and Tao 2022), and CPGNet (Li et al. 2022), em-
ploy point-based feature interactions across views to en-
hance representation learning. However, these methods suf-
fer from inefficiencies stemming from the lack of fixed cor-
respondences between views, necessitating computationally
expensive grid sampling and scatter operations that impede
real-time performance (Siam et al. 2018; Liu, Wu, and Wang
2023; Sanchez, Deschaud, and Goulette 2023). Furthermore,
feature fusion is restricted to areas where points are present,
potentially overlooking valuable contextual information in
the surrounding regions.
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To address these limitations, we propose a novel multi-
partition feature fusion framework that operates solely
within the Bird’s-Eye View (BEV) space, leveraging the
fixed correspondence between two commonly used Polar
and Cartesian partitioning schemes. Our approach is mo-
tivated by the observation that Polar partitioning in BEV
shares similarities with spherical coordinate partitioning in
range view, and the experiments that the performance of dif-
ferent partitioning methods exhibits complementarity.

To facilitate feature fusion between the Polar and Carte-
sian branches, we introduce an efficient and effective remap-
based fusion method. Leveraging the fixed coordinate corre-
spondence inherent to Polar and Cartesian spatial partition-
ing within the same BEV space, our method precomputes
correspondence parameters, enabling efficient feature fusion
through carefully designed remapping operations. This ap-
proach is notably 170× faster than previous point-based fea-
ture interaction methods. Furthermore, our feature fusion
operates on all positions within the BEV space, achieving
dense fusion and preserving more valuable contextual in-
formation, in contrast to sparse fusion in previous point-
based methods, which is limited to regions where points ex-
ist. We also propose a hybrid Transformer-CNN architecture
for BEV feature extraction. Self-attention within the Trans-
former block capture global scene information, followed by
a lightweight U-net like CNN (Ronneberger, Fischer, and
Brox 2015) for detailed feature extraction. Experimental re-
sults demonstrate that this architecture enhances model per-
formance while maintaining real-time inference capabilities.

The main contributions of our work can be summarized
as follows:

• We introduce the Polar-Cartesian BEV Fusion Network
for LiDAR segmentation. In contrast to previous meth-
ods that fuse features from multiple views, our approach
innovatively fuses features derived from distinct spatial
partitioning strategies within a unified BEV representa-
tion. We also propose an effective hybrid network archi-
tecture for comprehensive BEV feature extraction.

• We present an efficient and effective remap-based fea-
ture fusion method for integrating information from the
two BEV representations. This method significantly out-
performs previous point-based interaction approaches,
achieving a 170× speedup while preserving richer con-
textual information during the fusion process.

• We conduct extensive experiments on the Se-
manticKITTI and nuScenes datasets, demonstrating
that our method achieves state-of-the-art performance
with faster inference speeds. Additionally, we provide
detailed ablation studies and in-depth discussions of
each module within our proposed framework.

Related Work
Projection-based Methods
Projection-based methods generally provide faster inference
and competitive performance compared to point-based and
voxel-based methods. They can be further divided into two

different categories: Range view projection (RV) and Bird’s-
Eye-View projection (BEV). For the range-based methods:
RangeNet++ (Milioto et al. 2019) proposed to exploit the
potential of range images and 2D convolutions, and a GPU-
accelerated post-processing K-Nearest-Neighbor (KNN) ap-
proach is further proposed to recover consistent semantic
information during inference for the entire LiDAR scans.
KPRNet (Kochanov, Nejadasl, and Booij 2020) improved
the convolutional neural network architecture for the fea-
ture extraction of the range image, and the commonly used
post-processing techniques such as KNN were replaced with
KPConv (Thomas et al. 2019), which is a learnable point-
wise component and allows for more accurate semantic
class prediction. RangeViT (Ando et al. 2023) introduce
ViTs to range view with pre-trained ViTs, substituting a
tailored convolutional stem for the classical linear embed-
ding layer, and pixel-wise predictions refinement module.
RangeFormer (Kong et al. 2023) proposed introduces a com-
prehensive framework featuring innovative network archi-
tecture, data augmentation, and post-processing strategies
that enhance the handling of LiDAR point clouds from the
range view. It also proposes a Scalable Training from Range
View (STR) strategy for effective training. For BEV-based
approaches, PolarNet (Zhang et al. 2020) proposed to use
the polar BEV representation to balance the spatial distribu-
tion of points in the coordinate system, and a ring convo-
lution operation was also developed that was more suitable
for the polar BEV representation. Panoptic-PolarNet (Zhou,
Zhang, and Foroosh 2021) was proposed based on PolarNet,
which is a proposal-free LiDAR panoptic segmentation net-
work that can cluster instances on top of the semantic seg-
mentation efficiently.

Multiview Fusion-based Methods
Point-based, voxel-based, and projection-based methods
have different advantages while also suffering from their
own shortcomings in the semantic segmentation task (Xu
et al. 2021). Therefore, it is reasonable to fuse information
from different views to enhance segmentation performance.
Tornado-net (Gerdzhev et al. 2021) proposed a new deep
convolutional neural network for semantic segmentation that
leveraged multiview (BEV and Range) feature extraction
and encoder-decoder ResNet architecture with a proposed
diamond context block. AMVNet (Liong et al. 2020) pro-
posed an assertion-based multiview(BEV and Range) fusion
network for LiDAR semantic segmentation, where the fea-
tures of individual views were fused later with an assertion-
guided sampling strategy. RPVNet (Xu et al. 2021) devised
a deep fusion framework with multiple and mutual infor-
mation interactions among three (Range, Point, and Voxel)
different views to make feature fusion more effective and
flexible. GFNet (Qiu, Yu, and Tao 2022) introduced a ge-
ometric flow network to better explore the geometric cor-
respondence between two different views (BEV and Range)
in an align-before-fuse manner. CPGNet (Li et al. 2022) pro-
posed a Cascade Point-Grid Fusion Network equipped with
a Point-Grid fusion block for the feature interaction (BEV
and Range) and a transformation consistency loss narrows
the gap between the single-time model inference with dif-
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Figure 2: The pipeline of our proposed Polar-Cartesian BEV fusion framework for 3D point cloud semantic segmentation
task. Given a scan of point cloud, it first projected to a polar and a cartesian BEV pseudo-images as input to the Transformer-
CNN Mixture architecture feature extraction network. Then the features between the two branches interact with each other
bidirectional through the proposed effective PolarToCart (P2C) and CartToPolar (C2P) modules. Finally, we adopt the grid
sampling operation to obtain the point-wise features from the concatenated features, and the sampled features are fed into a
simple MLP block to obtain the final semantic predictions.

ferent transformed point clouds as input.

Method
Polar-Cartesian BEV Fusion Framework
The overview of our proposed Polar-Cartesian BEV Fusion
framework for LiDAR semantic segmentation is shown in
Figure 2. It includes two branches: Cartesian branch and Po-
lar branch. Given a point cloud P = {p0, p1, . . . , pN−1},
which consists of N LiDAR points pi = {xi, yi, zi, ri},
where {xi, yi, zi} are the Cartesian coordinates relative to
the scanner and ri is the intensity of the returning laser
beam. We apply two distinct partitioning strategies for the
BEV projection: Cartesian and Polar. The point cloud is
quantized only along the x and y axes for efficient 2D-based
feature extraction. For the point cloud P , the points are first
encoded by a simplified PointNet (Qi et al. 2017), which
consists of only fully connected layers, batch normalization,
and ReLU layers. Subsequently, the extracted features are
scattered back into the BEV space, represented as F in

cart and
F in
polar respectively. We employ two networks with identical

structures but different parameters to perform feature extrac-
tion. Features from these two branches undergo bidirectional
interactions during the process, including feature alignment
and fusion, and the final prediction results are also derived
from the fusion of these two branches.

The feature extraction network for each branch is our
proposed Transformer-CNN Mixture architecture, which in-
cludes two standard transformer (?) blocks and a CNN net-
work. The details of the architecture will be introduced in the
Transformer-CNN Mixture Architecture subsection. For the
CNN model, We followed the model structure as described
in (Li et al. 2022).

For the bidirectional feature interaction between the two

branches, we first perform spatial alignment on the fea-
tures from both branches. Specifically, suppose the features
Fpolar and Fcart come from the Polar and Cart branches,
respectively, we use a Polar to Cartesian and Cartesian to
Polar remapping operation to align the spatial features un-
der the different partitioning strategies.

F̂cart = PolarToCart(Fpolar), (1)

F̂polar = CartToPolar(Fcart), (2)

where PolarToCart(·) and CartToPolar(·) refer to the
remapping from Polar space to Cartesian space and from
Cartesian space to Polar space, respectively. The details of
the remapping operation will be illustrated in the Feature
Fusion through Remapping subsection. For feature fusion,
we adopt the commonly used concatenation operation (Park,
Hong, and Lee 2017; Zhang et al. 2019; Li et al. 2020a). For
example, when fusing features from the Polar branch into
Cartesian branch, we first concatenate the spatially trans-
formed feature F ′

cart with Fcart. Then, we use a simple con-
volution operation to reduce the channel size of the feature
to its original size. The fusion process can be expressed as:

F fusion
cart = MLPfusion(Concat(F̂cart, Fcart)), (3)

For the final semantic prediction, since we aim to pro-
vide the semantic prediction for every point in the scene, so
we need to acquire the features for class prediction in the
projection space for each point. Given that we have features
extracted from different branches, the common approach in
previous methods involves retrieving the corresponding fea-
tures from each branch for every point, typically through
a grid sampling (GS) operation. Then the features sampled
from different branches are fused. Finally, the fused features
are used to obtain the final semantic prediction result. The
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(a) Point-based interaction
between range and BEV

(b) Point-based interaction
between Polar and Cartesian

(c) Remap-based interaction
between Polar and Cartesian
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Figure 3: Comparisons of the feature interaction operation processes between the previous point-based method and our proposed
remap-based method across different settings. {T1,T2, . . . ,Tn} denotes the CUDA kernel processing at different time steps
and the corresponding cache states. Point-based method uses points as a bridge to facilitate feature interaction across different
perspectives or spatial partitioning strategies, while our remap-based method relies on fixed corresponding in the same BEV
space. For the point-based method, each point is treated as an individual for the point-level parallelism, and the fused features
are ultimately scattered back to the original feature space. Our method, however, leverages advantage of spatial continuity
during the remap process to reduce cache missing, enabling more efficient parallel processing, and eliminating the need for
scatter back operations, significantly enhancing computational efficiency.

previous point-based output fusion can be expressed as (here
we assume use the concatenation operation for fusion):

Fout = Concat(GS(F out
cart),GS(F out

polar)). (4)
To further speed up the model inference, we use the remap-
ping operation to align the features from one branch to an-
other, which allows us to perform grid sampling just once
on the remapped branch. In this paper, we choose to align
the features extracted from the Polar branch to the Cartesian
space, as we experimentally found that this has a slightly
better performance than the reverse way. We concatenate the
remapped Polar features with the Cartesian features, then
employ grid sampling to obtain the features at the corre-
sponding BEV positions for each point. Consequently, the
final point-level feature output in our approach can be ex-
pressed as:

Fout = GS(Concat(F out
cart,PolarToCart(F

out
polar))) (5)

where Fout ∈ RN×Cout . Finally, The fused features are fed
into the final semantic classifier:

pred = MLPcls(Fout) (6)

Feature Fusion through Remapping
Unlike Previous multiview fusion methods operate in dif-
ferent projection spaces with dynamic grid-to-grid corre-
spondence because of the information loss in projection, our

method benefits from a fixed positional correspondence be-
tween the two partitioning branches under the same BEV
space, which provides us with an opportunity to improve
the efficiency of the feature fusion process. Specifically, we
employ a remap technique to align the features under the
two different partitioning methods. Given that the grid cor-
respondence is fixed between two branches, the remapping
parameters can be precomputed for efficient feature fusion.
Below, we provide detailed information of the remap opera-
tion, highlighting the advantages of remap-based interaction
over point-based interaction. We take the remapping process
from polar space to Cartesian space as an example, noting
that the remapping from Cartesian to polar space adheres to
the same principle.

For each grid in the Cartesian branch, we
denote the coordinates of the grid center as
{Pos{0,0}, Pos{0,1}, Pos{1,0}, ..., Pos{H−1,W−1}},
where Pos{i,j} = {pi, pj}. Next, we need to identify
their corresponding coordinates in the Polar branch for
feature fusion. To achieve this, we first compute the
coordinates of grid center point Pos{i,j} in the real-
world BEV space {xi, yi}. Subsequently, we can easily
calculate the coordinates of each point under the Polar
branch adhering to the Polar partitioning mechanism:
phi = arctan2{xi, yj}, rho =

√
x2
i + y2j . Up to now,
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Figure 4: Comparisons between point-based interaction re-
sults and our proposed remap-based interaction results, • de-
notes the LiDAR points. The point-based method only fuses
features where points exist, resulting in sparse fusion, while
our method performs fusion across the entire space, result-
ing in dense fusion that incorporates more information.

the coordinate correspondence between the Cartesian and
Polar branches is established, which is fixed so we can
precompute before fusion. We could treat the grid center
as a point and apply the previous point-based method for
feature fusion; however, our experiments show that this
approach is inefficient in practice.

For more efficient and effective feature fusion, we de-
veloped a remap-based feature fusion operation that signif-
icantly enhances the feature alignment speed between the
two branches. The traditional point-based methods is slow
mainly because the gird sampling operation and the scat-
ter back operation. They treat each point individually for the
point-level parallelism, resulting in a high cache missing rate
in experiments. Unlike the point-based method, our remap-
based operation considers the continuity of spatial positions,
making the process more memory-access-friendly, and sig-
nificantly speeding up computation. Figure 3 presents a
comparison of different feature fusion methods. It should be
noted that not every grid in one branch has a correspond-
ing area in another branch due to variations in space occu-
pancy patterns. In practice, if a spatial location in one branch
method is unavailable in the other, we simply apply zero
padding to that location. More detailed efficiency analysis
can be found in the supplementary materials.

Our remap-based fusion method offers additional advan-
tages by incorporating more contextual information during
the fusion process. As shown in Figure 4, the point-based
method only performs fusion in areas where points exist,
discarding features where there are no points, a process
we refer to as sparse fusion. In contrast, our remap-based
method enables fusion throughout the entire BEV space, re-
sulting in dense fusion that enriches features with more in-
formation from the other branch.

Transformer-CNN Mixture Architecture
Inspired by (Fan et al. 2023; Xu et al. 2023; Cheng, Han, and
Xiao 2023), we propose a Transformer-CNN hybrid network
for feature extraction in BEV representation. We first cap-

ture the global scene information using the Transformer’s
self-attention mechanism, followed by further feature ex-
traction through a lightweight CNN.

We illustrate the detailed feature extraction process
using the Cartesian BEV features F in

cart as an exam-
ple. We first divide the features into n × n patches,
Patch = {patch0, patch1, . . . , patchn×n−1}, where
patchi ∈ RH

n ×W
n ×C . Each patch is then encoded

into a vector using convolution operation with kernel
size of H

n × W
n . We denote the encoded patches as

Patchemb = {patch0
emb, patch

1
emb, . . . , patch

n×n−1
emb },

where patchi
emb ∈ R1×Cemb . Since the attention mech-

anism lacks the ability to distinguish positional informa-
tion within the input sequence, we introduce the sine po-
sitional encoding PE into the features. The final patch
embedding input for self-attention can be expressed as:
Patchin = MLP(Cat(Patchemb, PE). Then, we adopt
the multi-head self-attention, the output is passed through
a Feed-Forward Network (FFN) module. We denote the
final patch embeddings from the transformer block as
Patchout = {patch0

out, patch
1
out, . . . , patch

n×n−1
out }. We

reshape the output features from a 2D shape of Patchout ∈
Rn2×C to a standard 3D feature map Rn×n×C . Afterward,
we upsample the output bilinearly to match the full resolu-
tion of the projected pseudo-images:

Patchout
bev = Bi-Interpolate(Patchout) (7)

where Patchout
cart ∈ RH×W×C . We employ a straightfor-

ward addition operation to fuse Patchout
cart and F in

cart:

F enhanced
bev = F in

cart + Patchout
cart (8)

The feature enriched with global information is then fed
into an efficient CNN model for further extraction. We uti-
lize a U-net architecture CNN as described in (Li et al.
2022). Experiments demonstrate that our Transformer-CNN
Mixture Architecture offers advantages in both performance
and inference speed.

Experiments
Dataset We evaluate our proposed dual-path network over
two LiDAR datasets of driving scenes that have been widely
adopted for benchmarking in semantic segmentation. Se-
manticKITTI (Behley et al. 2019) is based on the KITTI Vi-
sion Benchmark, and it has a total of 43,551 scans sampled
from 22 sequences collected in different cities in Germany.
nuScenes-lidarseg (Caesar et al. 2020) has 40,000 scans cap-
tured in a total of 1000 scenes of 20s duration. It is collected
with a 32 beams LiDAR sensor and is sampled at 20Hz. We
follow the official guidance to leverage mean intersection-
over-union (mIoU) as the evaluation metric as defined in
(Behley et al. 2019).

Main Results
In Table 1, we report the experiment results on the Se-
manticKITTI val set. For the Polar and Cartesian partition-
ing strategies alone, we achieve performance of 61.2% and
56.5%, respectively. It can be seen that with two partitioning
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RangeNet++ 91.0 25.0 47.1 40.7 25.5 45.2 62.9 0.0 93.8 46.5 81.9 0.2 85.8 54.2 84.2 52.9 72.7 53.2 40.0 52.8
PolarNet 91.5 30.7 38.8 46.4 24.0 54.1 62.2 0.0 92.4 47.1 78.0 1.8 89.1 45.5 85.4 59.6 72.3 58.1 42.2 53.6
GFNet 94.2 49.7 63.2 74.9 32.1 69.3 83.2 0.0 95.7 53.8 83.8 0.2 91.2 62.9 88.5 66.1 76.2 64.1 48.3 63.0
AMV (BEV) 94.0 30.0 56.0 64.6 42.9 60.6 77.3 0.0 93.5 41.2 79.3 0.2 88.6 46.3 86.5 56.0 73.2 62.5 45.8 58.9
AMV (RV) 90.4 31.9 57.6 79.8 45.7 61.9 64.9 0.0 95.3 48.9 81.8 0.8 85.3 59.7 84.1 58.8 69.9 53.4 44.7 59.6
AMVNet 95.6 48.8 65.4 88.7 54.8 70.8 86.2 0.0 95.5 53.9 83.2 0.3 90.9 62.1 87.9 66.8 74.2 64.7 49.3 65.2
P-BEV(ours) 94.2 47.2 58.8 59.6 40.9 66.1 75.1 22.3 95.3 86.4 82.8 0.6 89.7 48.1 84.8 65.5 71.3 62.9 48.4 61.2
C-BEV(ours) 92.6 27.9 54.8 46.9 67.5 21.1 86.3 0.0 94.0 50.0 81.4 0.0 89.0 49.8 88.2 58.8 76.9 58.7 40.9 56.5
PC-BEV(ours) 94.3 67.6 71.4 75.4 67.5 77.4 81.3 0.1 95.2 39.7 83.0 0.1 86.3 49.7 85.1 70.2 68.2 70.2 64.2 66.4

Table 1: Quantitative comparison of our Polar-Cartesian BEV Fusion Framework (PC-BEV). The results are reported in terms
of the mIoU on the SemanticKITTI validation set.
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LatticeNet 88.6 12.0 20.8 43.3 24.8 34.2 39.9 60.9 88.8 64.6 73.8 25.5 86.9 55.2 76.4 67.9 54.7 41.5 42.7 51.3
PointNL 92.1 42.6 37.4 9.8 20.0 49.2 57.8 28.3 90.5 48.3 72.5 19.0 81.6 50.2 78.5 54.5 62.7 41.7 55.8 52.2
RandLa-Net 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 53.9
KPConv 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 58.8
MiniNet-KNN 90.5 42.3 42.1 28.5 29.4 47.8 44.1 14.5 91.6 64.2 74.5 25.4 89.4 60.8 82.8 60.8 66.7 48.0 56.6 55.8
SalsaNext 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 59.5
PolarNet 93.8 40.3 30.1 22.9 28.5 43.2 40.2 5.6 90.8 61.7 74.4 21.7 90.0 61.3 84.0 65.5 67.8 51.8 57.5 54.3
KPRNet 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 63.1
RangeViT 95.4 55.8 43.5 29.8 42.1 63.9 58.2 38.1 93.1 70.2 80.0 32.5 92.0 69.0 85.3 70.6 71.2 60.8 64.7 64.0
CENet 91.9 58.6 50.3 40.6 42.3 68.9 65.9 43.5 90.3 60.9 75.1 31.5 91.0 66.2 84.5 69.7 70.0 61.5 67.6 64.7
MaskRange 94.2 56.0 55.7 59.2 52.4 67.6 64.8 31.8 91.7 70.7 77.1 29.5 90.6 65.2 84.6 68.5 69.2 60.2 66.6 66.1
GFNet 96.0 53.2 48.3 31.7 47.3 62.8 57.3 44.7 93.6 72.5 80.8 31.2 94.0 73.9 85.2 71.1 69.3 61.8 68.0 65.4
AMVNet 96.2 59.9 54.2 48.8 45.7 71.0 65.7 11.0 90.1 71.0 75.8 32.4 92.4 69.1 85.6 71.7 69.6 62.7 67.2 65.3
CPGNet 96.7 62.9 61.1 56.7 55.3 72.1 73.9 27.9 92.9 68.0 78.1 24.6 92.7 71.1 84.6 72.9 70.2 64.5 71.9 68.3
PC-BEV(ours) 96.5 66.5 57.7 37.6 48.2 62.5 68.0 49.1 93.0 73.5 79.8 32.1 92.1 69.2 85.4 70.0 70.0 62.4 63.0 67.2

Table 2: Quantitative comparison of our PC-BEV. The results are reported in terms of the mIoU on the SemanticKITTI test set.
The methods are grouped into point-based, projection-based and multi-view fusion models.

fusions, we achieve a large margin improvement over using
them independently. Compared with outer methods, we out-
perform the Range-BEV fusion GFNet (Qiu, Yu, and Tao
2022) by 3.4%mIoU, and suppress the Range-BEV fusion
AMVNet by 1.2% mIoU.

In Table 2, we show the results on the test set of Se-
manticKITTI. We compare with methods including point-
based method LatticeNet(Rosu et al. 2019), PointNL(Cheng
et al. 2020), RandLa-Net(Hu et al. 2020), KPConv(Thomas
et al. 2019), Projection-base method SalsaNext(Cortinhal,
Tzelepis, and Erdal Aksoy 2020), RangeViT(Ando et al.
2023), CENet(Cheng, Han, and Xiao 2022) ,MaskRange(Gu
et al. 2022), and fusion-base method GFNet(Qiu, Yu, and
Tao 2022), AMVNet(Liong et al. 2020), RPVNet(Xu et al.
2021), CPGNet(Li et al. 2022). It is evident that we have
a clear advantage over single-view projection-based meth-
ods. Specifically, we outperform RangeViT by 3.2%mIoU,
suppress CENet by 2.5%mIoU, and show better perfor-

mance than Maskrange by 1.1%mIoU. For the multiview
fusion based methods, our method outperforms GFNet and
AMVNet, surpassing them by 1.8% and 1.9%, respectively.

In Table 3, we report the results of our proposed dual-
path network on the nuScenes validation dataset. We com-
pare with methods including PCSCNet(Park et al. 2023),
SVASeg(Zhao et al. 2022), etc. For the Polar and Carte-
sian partitioning strategies alone, we achieve performance
of 75.0%mIoU and 71.4%mIoU, respectively. A significant
performance improvement can also be achieved by fus-
ing the two partitioning strategies. Specifically, it can be
seen that compared with the previous methods, our method
shows an obvious performance improvement. Specifically,
we suppress the Range-BEV fusion network (AMVNet)
by 2.7%mIoU. Surprisingly, we even suppress the Range-
Point-Voxel Fusion Network (RPVNet) by 2.2%mIoU.

We compared the latency of different operations for fea-
ture interaction, and the experimental results are shown in
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mIoU
RangeNet++ 66.0 21.3 77.2 80.9 30.2 66.8 69.6 52.1 54.2 72.3 94.1 66.6 63.5 70.1 83.1 79.8 65.5
Salsanext 74.8 34.1 85.9 88.4 42.2 72.4 72.2 63.1 61.3 76.5 96.0 70.8 71.2 71.5 86.7 84.4 72.2
PolarNet 74.7 28.2 85.3 90.9 35.1 77.5 71.3 58.8 57.4 76.1 96.5 71.1 74.7 74.0 87.3 85.7 71.0
PCSCNet 73.3 42.2 87.8 86.1 44.9 82.2 76.1 62.9 49.3 77.3 95.2 66.9 69.5 72.3 83.7 82.5 72.0
SVASeg 73.1 44.5 88.4 86.6 48.2 80.5 77.7 65.6 57.5 82.1 96.5 70.5 74.7 74.6 87.3 86.9 74.7
AMVNet 79.8 32.4 82.2 86.4 62.5 81.9 75.3 72.3 83.5 65.1 97.4 67.0 78.8 74.6 90.8 87.9 76.1
RPVNet 78.2 43.4 92.7 93.2 49.0 85.7 80.5 66.0 66.9 84.0 96.9 73.5 75.9 70.6 90.6 88.9 77.6
P-BEV(ours) 77.2 40.5 89.9 90.3 48.9 84.8 80.7 64.7 64.4 83.4 96.9 70.6 76.3 74.8 81.4 76.8 75.0
C-BEV(ours) 73.2 18.8 89.4 89.7 45.2 74.7 70.8 52.6 60.6 82.3 96.2 72.7 73.6 74.0 85.7 83.2 71.4
PC-BEV(ours) 78.2 46.3 92.5 93.4 55.0 87.1 81.0 65.4 69.2 85.7 97.1 76.8 77.0 76.3 90.6 88.5 78.8

Table 3: Quantitative comparison of our PC-BEV. The results are reported in terms of the mIoU on the nuScenes validation set.

Method Point-based Remap-based
(Ours)GS SC Overall

latency ms
0.3 6.5∗ 6.8 0.04
0.3 7.7† 8.0

Table 4: Illustration of the efficiency of our remap-based in-
teraction. The experiment is conducted on the BEV features
with voxel resolution set to 0.2m. The latency is tested on a
2080Ti GPU. SC denotes the scatter back operation. ∗ de-
notes the method implemented in (Li et al. 2022), † denotes
the method implemented in pytorch scatter codebase.

Table 4. For the grid sampling operation, we use the Py-
Torch’s built-in function grid sample(·), and for the scat-
ter operation, we utilized the efficient implementation in
CPGNet (Li et al. 2022). It can be observed that the scat-
ter back operation consumes a significant amount of time.
This is because, unlike grid sampling, which only involves
read operations, scatter back includes write operations that
require locking due to potential conflicts. Our method also
demonstrates a noticeable performance improvement com-
pared to grid sampling. This is because our approach bet-
ter leverages the spatial continuity of features, resulting in a
higher cache hit rate and thus faster processing speed.

Ablation Studies
We perform ablation studies on the nuScenes validation set
to examine the efficacy of each component in our frame-
work. The results are shown in Table 5. The Cartesian or
Polar indicates that we only use one branch, and the third
row (both Cartesian and Polar) means we simply calculate
the mean of the outputs from the two branches to obtain
the final predictions. It can be seen that only the native
two-branch network can improve the performance by 1.2%
mIoU, which demonstrates the great potential of the Polar-
Cartesian fusion. and we can boost the performance by 0.9%
mIoU with our remap-based fusion module. Together with
the Transformer-CNN mixture architecture, the performance
can be further improved by another 0.6% mIoU. For the in-
ference speed of the model, we can see that for the Polar and
Cartesian partitioning strategies individually, the inference

Cartesian Polar PB RM T-C mIoU(%) latency (ms)√
71.4 20

√
75.0 19

√ √
76.2 27

√ √ √
77.3 39

√ √ √
78.2 29

√ √ √ √
78.8 31

Table 5: Ablation study of our Polar-Cartesian BEV Fusion
Framework on the nuScenes validation set. PB denotes the
point-based fusion, RM denotes the remap fusion, T-C de-
notes the Transformer-CNN Mixture Architecture.

speed is 20ms and 19ms, respectively. Our PC-BEV fusion
framework achieved a final latency of 31ms, which is 20%
faster than the point-based (the fourth row) method. The la-
tency is tested on an NVIDIA V100 GPU.

Conclusion
In conclusion, we have challenged the necessity of multi-
view fusion for LiDAR segmentation by proposing a real-
time approach based on fusing features from distinct parti-
tioning methods (Polar and Cartesian) within a unified BEV
space. Our efficient remap-based spatial alignment fusion
method, leveraging memory continuity, significantly outper-
forms previous point-based interaction methods in terms of
speed while preserving richer contextual information. Fur-
thermore, our proposed Transformer-CNN hybrid architec-
ture enhances model performance without compromising
real-time processing capabilities. Extensive experiments on
SemanticKITTI and nuScenes datasets validate the effec-
tiveness and efficiency of our approach. Future research may
explore the application of this method to BEV representa-
tions derived from multi-camera image data.

Acknowledgments
This work was partially supported by the Computing for the
Future at Fudan (CFFF).

6618



References
Alonso, I.; Riazuelo, L.; Montesano, L.; and Murillo, A. C.
2020. 3d-mininet: Learning a 2d representation from point
clouds for fast and efficient 3d lidar semantic segmentation.
IEEE Robotics and Automation Letters, 5(4): 5432–5439.
Ando, A.; Gidaris, S.; Bursuc, A.; Puy, G.; Boulch, A.; and
Marlet, R. 2023. Rangevit: Towards vision transformers for
3d semantic segmentation in autonomous driving. In CVPR,
5240–5250.
Behley, J.; Garbade, M.; Milioto, A.; Quenzel, J.; Behnke,
S.; Stachniss, C.; and Gall, J. 2019. Semantickitti: A dataset
for semantic scene understanding of lidar sequences. In
CVPR, 9297–9307.
Caesar, H.; Bankiti, V.; Lang, A. H.; Vora, S.; Liong, V. E.;
Xu, Q.; Krishnan, A.; Pan, Y.; Baldan, G.; and Beijbom, O.
2020. nuscenes: A multimodal dataset for autonomous driv-
ing. In CVPR, 11621–11631.
Cheng, H.-X.; Han, X.-F.; and Xiao, G.-Q. 2022. Cenet:
Toward concise and efficient lidar semantic segmentation for
autonomous driving. In ICME, 01–06. IEEE.
Cheng, H.-X.; Han, X.-F.; and Xiao, G.-Q. 2023. Tran-
sRVNet: LiDAR semantic segmentation with transformer.
IEEE Transactions on Intelligent Transportation Systems,
24(6): 5895–5907.
Cheng, M.; Hui, L.; Xie, J.; Yang, J.; and Kong, H. 2020.
Cascaded non-local neural network for point cloud semantic
segmentation. In IROS, 8447–8452. IEEE.
Cheng, R.; Razani, R.; Taghavi, E.; Li, E.; and Liu, B. 2021.
2-s3net: Attentive feature fusion with adaptive feature selec-
tion for sparse semantic segmentation network. In CVPR,
12547–12556.
Choy, C.; Gwak, J.; and Savarese, S. 2019. 4d spatio-
temporal convnets: Minkowski convolutional neural net-
works. In CVPR, 3075–3084.
Cortinhal, T.; Tzelepis, G.; and Erdal Aksoy, E. 2020. Sal-
saNext: Fast, uncertainty-aware semantic segmentation of
LiDAR point clouds. In International Symposium on Visual
Computing, 207–222. Springer.
Fan, J.; Gao, B.; Ge, Q.; Ran, Y.; Zhang, J.; and Chu, H.
2023. SegTransConv: Transformer and CNN hybrid method
for real-time semantic segmentation of autonomous vehi-
cles. IEEE Transactions on Intelligent Transportation Sys-
tems.
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