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TransRVNet: LIDAR Semantic Segmentation
With Transformer

Hui-Xian Cheng, Xian-Feng Han"', Member, IEEE, and Guo-Qiang Xiao

Abstract— Effective and efficient 3D semantic segmentation
from large-scale LiDAR point cloud is a fundamental problem
in the field of autonomous driving. In this paper, we present
Transformer-Range-View Network (TransRVNet), a novel and
powerful projection-based CNN-Transformer architecture to
infer point-wise semantics. First, a Multi Residual Channel Inter-
action Attention Module (MRCIAM) is introduced to capture
channel-level multi-scale feature and model intra-channel, inter-
channel correlations based on attention mechanism. Then, in the
encoder stage, we use a well-designed Residual Context Aggre-
gation Module (RCAM), including a residual dilated convolution
structure and a context aggregation module, to fuse information
from different receptive fields while reducing the impact of miss-
ing points. Finally, a Balanced Non-square-Transformer Module
(BNTM) is employed as fundamental component of decoder to
achieve locally feature dependencies for more discriminative fea-
ture learning by introducing the non-square shifted window strat-
egy. Extensive qualitative and quantitative experiments conducted
on challenging SemanticKITTI and SemanticPOSS benchmarks
have verified the effectiveness of our proposed technique. Our
TransRVNet presents superior performance over most existing
state-of-the-art approaches. The source code and trained model
are available at https://github.com/huixiancheng/TransRVNet.

Index Terms— CNN, transformer, point cloud, range image,
semantic segmentation, autonomous driving.

I. INTRODUCTION

DEQUATELY accurate, robust, reliable and real-time

3D semantic perception and understanding of vehicles
surrounding environment are critical requirements for
autonomous driving. To achieve this end, multiple types of
sensors with complementary characteristics, such as cameras,
Light Detection And Ranging (LiDAR) [1], Radio Detec-
tion And Ranging (RADAR) [2], are usually used in self-
driving systems, among which LiDARs play an important
role because they can provide distance measurements and
3D geometry with high precision. Therefore, LiDAR-based
semantic scene perception, especially 3D point cloud semantic
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Fig. 1. Top: Velodyne HDL-64E [6] laser scan from SemanticKITTI
dataset [7] with semantic predictions from our TransRVNet. Bottom: Pan-
dora [8] laser scan from SemanticPOSS dataset [9] with semantic predictions
from our TransRVNet.

segmentation [3], [4], [5] as a primary task, has been attract-
ing increasing research attention, which aims to perform
prediction of per-point class labels.

Recently, convolutional neural networks (CNNs) have
brought significant performance improvement for semantic
image segmentation [10], whose success is attributed to their
power of learning hierarchical feature representations. How-
ever, CNNs are not suitable for 3D point clouds, since 1) stan-
dard convolution is defined over regular grids [11], while
2) 3D point cloud produced by LiDAR are inherently sparse,
irregular, and unordered [12]. 3) There is lack of sufficient
large-scale training datasets. Fortunately, with the availability
of recent large-scale datasets (e.g. SemanticKITTI), several
state-of-the-art approaches using deep neural networks have
been proposed to address these problems. And according to
the representation of 3D LiDAR points, these methods are
commonly classified into voxel-based methods [13], [14],
image-based methods [15], [16], and point-based methods
[17], [18], [19].
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For point-based approaches, although impressive progress
has been achieved, high computational cost and memory
consumption make this kind of methods too expensive for
large outdoor scenarios in autonomous driving applications.
RandLLA-Net reduces the computational complexity by replac-
ing the traditional FPS strategy with random sampling method
and significantly improves the efficiency of point cloud pro-
cessing. However, its segmentation accuracy is uncompetitive.
Additionally, RandLA-Net uses K-nearest neighbor approach
to maintain the local relationship among points in each frame,
in which the usage of time-consuming KD tree construction
severely affects the inference speed. While voxel-based and
image-based methods may be a reasonable choice that convert
the raw point cloud into structured format, allowing standard
3D CNNs or 2D CNNs to be used directly [20]. However,
sparsity and granular information loss challenges the applica-
tion of voxel representation [21]. And image-based methods
also cannot produce satisfactory performance because the pro-
jected LiDAR and RGB image live in different domains [22].
Therefore, it is necessary to design specific architecture for
projection-based (i.e. LiDAR-based range image) semantic
segmentation, which should take into account the following
problems 1) How to project the full 360 LiDAR scan into 2D
surface? 2) How to learn local and global contextual informa-
tion? 3) How to model long-range feature dependencies from
local and global regions?

Recent advancements in Natural Language Processing
(NLP) using Transformer [23] have motivated the computer
vision community to investigate the adaption of Transformer
models to vision tasks, such as ViT [24] for image recognition,
and SETR [25] on image segmentation task. However, from
the other work that followed [26], [27], [28], [29], [30], [31],
we find that 1) the pure Transformer segmentation networks
like SETR cannot result in very good performance. 2) The
SETR is difficult to train, since it is parametric intensive and
computationally expensive. 3) Additionally, the SETR fails to
perform multi-scale feature extraction which is important for
dealing with large scale variations of objects [22].

To tackle these issues, we contribute a novel CNN-
Transformer architecture based upon an encoder-decoder
skeleton, named Transformer-Range-View Network (Tran-
sRVNet). After representing the input 3D LiDAR point cloud
as a 2D range image, a Multi Residual Channel Interaction
Attention Module (MRCIAM) is developed to extract channel-
wise multi-scale features and model context interactions within
and across different information channels. Then, in our CNN-
Transformer framework, a Residual Context Aggregation
Module (RCAM) based on residual dilated convolution struc-
ture is used as encoding component to explore the information
from different receptive fields. And, in the decoding stage,
we construct a Balanced Non-square-Transformer Module
(BNTM) to capture locally long-range feature dependencies
using our well-designed non-square shifted window based
Transformer. We perform extensive evaluation on two publicly
challenging benchmarks SemanticKITTI [7] and Semantic-
POSS [9]. The experimental results show that our TransRVNet
is superior to several state-of-the-art models.
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In summary, the key contributions of this paper are listed
as follows:

« Based on attention mechanism, a Multi Residual Channel
Interaction Attention Module is well designed to learn
multi-scale context information from different modal
channels respectively, and encodes the intra-channel as
well as inter-channel interactions/feature dependencies,
simultaneously.

« We propose a new Balanced Non-square-Transformer
Module using non-square shifted window based Trans-
former block to better deal with size imbalanced range
image, and learn locally long-range feature dependencies.

¢ We introduce a novel CNN-Transformer architecture,
named Transformer-Range-View Network (TransRVNet)
with a Residual Context Aggregation Module as encoder
component to gain local-to-global context information
from progressively enlarged receptive fields, and the
proposed BNTM as decoder block. To the best of our
knowledge, this is the first work focusing on the appli-
cation of Transformer to semantic LiDAR point cloud
segmentation.

« Comprehensive experimental evaluation on publicly avail-
able datasets SemanticKITTI and SemanticPOSS validate
the superior performance of TransRVNet. And we further
analyze the effect of each designed modules had on our
neural network.

The rest of our paper is structured as follows. Section II
gives an overview of recent related works. Section III presents
the detailed description of our TransRVNet. Comprehen-
sive experimental evaluation and analysis are performed in
Section IV. Section V provides the ablation study of our
proposed method. Conclusions are drawn in Section VI.

II. RELATED WORKS

A. Semantic Segmentation of 3D Point Cloud

With the remarkable advancement of deep learning technol-
ogy and the availability of large-scale scene datasets, semantic
3D LiDAR point cloud segmentation for autonomous driving
have achieved significant progress in recent years. The pre-
vious studies can be grouped into three categories, including
point-based, voxel-based and image-based methods.

Point-based methods directly deal with unstructured point
cloud with shared point-wise MLPs [17], or definition of point
convolutional kernels [32], or graph [32]. PointNet can be con-
sidered as the pioneering work that learns point-wise feature
using shared MLP. However, it fails to exploit the local spatial
relationships in the point cloud [33], [34]. To address this
problem, PointNet++ [18] develops a hierarchical framework
to aggregate information from local neighboring points. But it
still treats each point independently [35], [36]. Motivated by
the key idea of 2D convolution, some methods concentrate on
defining point convolutional kernels [35] or learn the kernel
based on point positions [37] to captures local information.
However, these approaches may have high complexity during
learning [38]. In addition, other methods attempt to introduce
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graph neural network for local geometric topology aggrega-
tion. For example, DGCNN designs an Edge-Conv operator to
update center point feature by aggregating features along the
edges. RandLA-Net [19] takes the random sampling strategy
to remarkably improve the efficiency of point cloud processing
and designs a local feature aggregation module to alleviate the
information loss caused by random operations. SCF-Net [21]
presents a learnable SCF module for learning spatial context
features from large-scale point clouds, containing three crucial
components: a LPR block for learning rotation invariance,
a DDAP model for automatic local feature learning, and a
GCF module for learning the global context of each 3D point.
FG-Net [39] proposes the point correlation feature mining and
geometry-aware modeling modules to understand large-scale
point clouds. It integrates a residual learning strategy based
on feature pyramids, a fast noise and outliers removal method
and an inverse density point downsampling strategy to achieve
a better balance between efficiency and performance.

Theoretically and empirically, point-based approaches
perform well on small point clouds. However, for LiDAR
semantic segmentation, full 360° large-scale scans limit the
real-time processing capability of these methods due to ineffi-
cient computational complexity and memory requirement [19].
Therefore, this kind of methods actually is less suitable for
autonomous driving applications.

Voxel-based methods first discretize the point cloud into
3D volumentric representation, where each point is associated
with one corresponding voxel. Then, 3D CNNs framework
are used to perform voxel-wise semantic label prediction [14].
SEGCloud [13] treat the coarse voxel label prediction as a
intermediate stage in point cloud semantic segmentation task.
Zhou et al. [40] transformed the point cloud into a special
cylindrical grid, and designed two novel CNN components.
One is an asymmetric residual block to preserve the features
related to cubic objects, while another is context modeling to
fuse multiple low-level contexts for high-level tensor model
construction. VMNet [41] combines the sparse voxel con-
volutions and graph convolutional networks to learn fused
features from point clouds and meshes. (AF)2-S3Net [42]
introduces two well-designed attention blocks, namely multi-
branch attention feature fusion module in the encoder and
adaptive feature selection module in the decoder, to efficiently
learn local and global contexts and to highlight detailed
information. Although the voxel grid is one of ideal choice
for irregular point cloud processing [43], problem of sparsity,
loss of granular information and introduction of discretization
artifacts limit the performance of voxel-based methods [44].

Image-based methods, here, also known as projection-
based or range image-based methods, which project the
3D point cloud onto 2D image space either in multiple
views [45] or in Range-View representation [46], follow by
the application of 2D CNNs for semantic segmentation. The
prior studies are usually built on transitional or improved
encoder-decoder framework [47], [48], and Conditional Ran-
dom Fields (CRF) [49], [50] is adopted as post-processing
algorithm to render the final results. In subsequent works,
RangeNet++ [16], 3D-MiniNet [51] utilizes a K-nearest
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neighbour post-processing instead of CRF to recover the
consistent semantic information. SalsaNext [52] performs
an uncertainty-aware semantic segmentation, and introduces
a new Lovdasz-Softmax loss [53] to optimize the results.
Triess et al. [54] proposed a scan unfolding projection tech-
nique to solve the problems of systematic occlusions. KPR-
Net [55] uses scan unfolding projection technology, together
with a more robust ResNeXt101 [56] backbone network,
and KPConv to obtain more accurate 3D labels using learn-
able point-by-point components. MPF [57] develops a multi-
projection fusion framework which takes advantage of two
independent 2D FCN models to process spherical and bird’s-
eye view projections. Then the segmentation results from both
views are fused to reduce the information loss caused by
single-projection methods. Experimental results demonstrate
the competitive performance of proposed method.

B. Vision Transformers

More recently, immense progress have been made in the
field of Natural Language Processing (NLP) with the advent
of Transformer [23]. Inspired by its great success, researchers
from computer vision community attempt to explore the appli-
cation of Transformer architectures to image based tasks [58].
Detection Transformer (DETR) [59] regards the detection
problem as a set prediction task, which first learns initial
feature maps using a CNN backbone. Then these features
are fed into transformer-based encoder-decoder structure for
object detection. Vision Transformer (ViT) [24] is a pure
Transformer model that achieves state-of-the-art performance
on image classification. However, it is challenging for ViT
to perform pixel-level dense prediction due to the following
reasons. (1) ViT only outputs single-scale feature maps with
low resolution. (2) ViT is computationally inefficient and
parametric intensive when dealing with images, even those
with smaller size. To handle these issues, many excellent
works [26], [27], [28], [29], [30], [31] have been proposed.
Swin Transformer [31] constructs a hierarchical transformer
model with shifted window based self-attention as fundamental
component. The results on image classification, object detec-
tion and semantic segmentation are encouraging. In our paper,
we adopt the core concept of Swin Transformer as the basic
block of decoder part with skip connections for range images
segmentation.

III. METHODOLOGY

Given a full-view 3D LiDAR scan, we aim to construct a
function between input domain P of points and label space )
as f : P — Y to perform efficient semantic segmentation.
To this end, we first convert the point cloud segmentation into
2D range-view segmentation problem vie spherical projection.
Then, the Multi Residual Channel Interaction Attention Mod-
ule (MRCIAM) processes each independent modal channel for
channel-wise feature learning, and captures the intra-channel
as well as inter-channel interactions. In the following encoder-
decoder stage, we form a Residual Context Aggregation
Module as encoder block to model local and global context,
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(b) Quantitative analysis of the numerical distribution of the different channels.

Visualization of a full LIDAR scan. From (a), we can see that different channels show some differential visualization results, which indicates that

different modalities of the range image (xyz, depth, reflectivity) contain different information. From (b), the statistics also show that the different modalities
show different distributions of values. (In each subplot of (b), the horizontal coordinate indicates the range of values, while the vertical coordinate indicates

the proportion of pixel points within that region in the range image.)

while a Balanced Non-square-Transformer Module is designed
as decoder component. Finally, we emploit the KNN post-
processing operator to backproject the 2D range semantic
to original points. Fig. 2 schematically shows the detailed
architecture of the proposed TransRVNet.

A. Range-View Representation for LIDAR Point Cloud

Accurate and efficient semantic reasoning plays a key role
in autonomous driving [51]. Therefore, in order to obtain much
higher segmentation performance and take full advantage of
the benefits of 2D CNNs, we choose to deal with the spherical
projection representation of the LIDAR point cloud. Actually,
this representation, also known as range view or range image,
is dense, compact, and computationally efficient [60] 2D
image which can be able to include the full 360° LiDAR
scan. Specifically, following [16], we find a mapping function
f :R® — R? to form an one-to-one correspondence between
3D point with coordinate (x, y, z) and an pixel (u, v) in the
mapped range image of size (H, W) (H and W represent the
height and width of the generated range image). The spherical

projection we used is formulated as,

1
u = E[l —arctan (y,x)n_l]W (D
1
v=|1- (arcsin (z,dﬁl) + f; ) —i| H 2)
|: ! fu + fd
where f = fup + faown refers to the sensor’s vertical

field-of-view. The depth d of each point is calculated as
d = /x% + y2 + z2. The final projected range image can be
denoted as a tensor with the shape of (H, W,5), where each
pixel contains five channels (x, y, z,d, r), r is the remission
or reflection intensity information. Thought this spherical
transformation, the point cloud segmentation problem is turned
into image segmentation task.

B. TransRVNet

The pipeline of the proposed TransRVNet is illustrated in
Figure 2. In the following subsections, we will describe the
main components of the designed architecture in details.

1) Multi Residual Channel Interaction Attention Module:
As shown in Figure 3, it can be reported that different channels
contained in projection range image actually present different
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The Structure of Multi Residual Channel Interaction Attention Module. The individual features of the reflectivity, xyz, and depth channels are

first extracted by the structure on the Top, and then fused by the structure on the Bottom Left. (ConvBNPReLU represents the basic feature extraction
block consisting of 2D convolution with corresponding kernel size and dilation rate, batch normalization [62] and PReLU activation function [63]. The same

description is used in the following figures.)

modal information, and their corresponding values follow
different distributions, which means different channels make
different contributions to the learned features. However, most
of the prior approaches [16], [48], [52] directly take the
projected image as input, few works [22], [64] have noticed
this phenomenon but lack more efficient feature extraction and
channel interaction attention. Consequently, we decide to learn
individual feature space for each independent channel with
channel interaction, which is proved to be more effective and
efficient.

To achieve this end, we design a Multi Residual Channel
Interaction Attention Module (MRCIAM) to capture multi-
scale contextual information from each channel and aggre-
gate these features, which consists of four essential blocks,
as illustrated in Figure 4. Where the first and the third ones
share the same structure, including three convolutions with
different kernel sizes (e.g., 3 x 3,5 x 5,7 x 7) and a residual
connections with a 1 x 1 convolution to capture and fuse
local-to-global context. The second block is also a residual
structure but with dilated convolution. Finally, we add a
Spatial-Channel Attention (SCA) module adopted from the
SA-NET [61] to MRCIAM for modeling the pixel-level rela-
tionships in each channel and interactions/dependencies across
different channels, i.e. intra-channel and inter-channel interac-
tions. Specifically, the module groups channel dimensions into
multiple sub-features and then integrates the complementary
channels and spatial attention modules for each sub-feature
using the Shuffle Unit. (Figure 4c shows the structure of SCA
Block.) Finally, it achieves lightweight and efficient spatial and
channel attention for the feature map.

Overall, our MRCIAM operates on the depth/range channel,
xyz channel and remission/reflectivity channel independently,
and outputs local-to-global contextual features with spatial
fine-grained information.

2) Network Architecture Design: The currently existing
Transformer-based semantic segmentation works use either
the Transformer as encoder and CNN as decoder [25], [31],

[65], [66], or the pure Transformer structure [67], [68], [69].
Although these models have achieved promising performance
on several medical imaging datasets [70], [71], [72] and the
widely used ADE20k dataset [73], from our experiments it
can be found that these two kinds of structures are unsuitable
for extracting features from range-image-style inputs, since it
becomes more difficult to encode much larger patch tokens.
In addition, it is too expensive to train these networks.
Therefore, we decide to use our CNN-based Residual Context
Aggregation Module (RCAM) as encoder and Transformer-
based Balanced Non-square-Transformer Module (BNTM) as
decoder.

3) Encoder: Specifically, the CNN-based Residual Con-
text Aggregation Module (RCAM) includes the following
components,

a) Basic encoder block: In order to further capture more
descriptive contextual features from channel-fused maps from
MRCIAM, one simple to stack convolution operations with
progressively enlarged kernel size to obtain much larger recep-
tive filed. However, this strategy usually brings remarkable
increase of the number of parameters. Therefore, to reduce
computational cost, we design a simple but effective encoder
block based on dilated convolution and residual structure
(shown in Figure 5). Here, we combine two 3 x 3 convo-
lutions, one 3 x 3 dilation convolution with dilation rate 2,
as well as a residual connection with 1 x 1 convolution
for dimension reduction. Through this design, the encoder
can make full use of multi-level multi-scale multi-channel
information.

b) Context aggregation module: Missing points, which
we name missing noise (as illustrated in red-circled areas of
GT image in Figure 3), have negative impact on performance
of CNN models. This kind of noise commonly results from the
limitation of sensors, mirror reflection, occlusion of the object
itself, as well as spherical projection. To cope with this issue,
we choose to use the Context Aggregation Module (CAM)
(shown in Fig. 5) from SqueezeSegV?2 [47], and put it at the
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end of each Basic Encoder Block to enhance the robustness
of contextual features to specific noise.

4) Decoder: The decoder is based on our Balanced Non-
square-Transformer Module, which is composed of the fol-
lowing sub-blocks.

a) BN-transformer module: The standard Transformer
architectures adopt the multi-head self attention (MSA) mech-
anism to obtain global relationships between a patch token
and other tokens for image-based tasks. However, for large-
resolution dense pixel-level prediction, Transformer model
often has quadratic computational complexity with respect to
image size [31], which limits its performance. On the other
hand, the fixed size of token makes Transformer unsuitable
for computer vision tasks required to deal with visual objects
with varying scales. To handle these issues, Liu et al. [31]
built the Swin Transformer with shifted window module MSA,
MLP with GELU non-linearity, LayerNorm layer and residual
connections to capture dependencies locally and reduce the
computational complexity. Inspired by its tremendous suc-
cess, we transfer the core idea of Swin architecture to our
Transformer decoder component, as shown in Figure 6. The
formulation can be summarized as,

Z) = MSA(LN(Z;-1)) + Zi-1

Z = MLP(LN(Z)) + Z; (3)
Zi, = SMSA(LN(Z) + Z
Ziy1 = MLP(LN(Z},) + Zj4, )

where Z; and Z; represent the outputs of the MSA module and
the MLP module of the /;, block, Zl’ 41 and Z;41 represent the
outputs of the SMSA module and the MLP module of the next
lsn + 1 block, respectively.

Here, it should be noted that the BN-Transformer Block
we designed is different from the original Swin Transformer
Block. Specifically, (1) we choose to design a non-square
window based Transformer instead of square version to

The Basic Components of Encoder Module. Left: The Structure of Basic Encoder Block. Right: The Structure of Context Aggregation Module.

]—P{ Skip Connection

[ Encoder
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ConyBNPReLU | kernel size: 1

[ Decoder Input }—P{ Upsampling(x2)

Fig. 7. The Structure of Balanced Non-square-Transformer Module.
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Fig. 8. The Structure of Conv Decoder Block.

accommodate the size imbalance of range image (since range
images usually have much larger aspect ratio compared to
common RGB images). (2) To enable much better feature
learning, we stack four well-designed Transformer blocks after
each upsampling layer instead of using different number of
original Swin transformer blocks in each decoder module.
(Section V-A and Section V-B present and discuss the details
and implementations of these two components.)

Based on the BN-Transformer Block above, our Bal-
anced Non-square-Transformer Module is designed as follows
(shown in Fig. 7). First, we upsample the input feature maps
by a factor of 2, which then are concatenated with the feature
maps from the corresponding encoder together to fuse multi-
scale features. Finally, we use a linear layer to adjust the chan-
nel dimension. And our designed Transformer model takes
the flatten features as input to perform decoding operation.
The whole decoder stage consists of three BN-Transformer
Modules with different scales.

b) Conv decoder block: Although our BN-Transformer
Modules have capability of achieving powerful performance,
it is a little bit difficult for them to decode these feature
maps with largest resolution. We, therefore, decide to put
a convolution-based decoder block (shown in Figure 8) at
the end of decoder pipeline, which includes three elements,
an upsampling operation, Conv decoder, and a segmentation
head.

C. Loss Function

In specific to our range-view based semantic segmentation
task, actually there exists three challenging problems required
to be alleviated.

o The imbalanced category problem.

e The problem of optimizing the

union (IoU).

o The ambiguous segmentation boundaries problem.

intersection-over-
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Here, three different loss functions, i.e. weighted cross-entropy
loss, Lovasz-Softmax loss and boundary loss, are used to
supervise our model.

First, the weighted cross-entropy loss can be formulated as,

c

Luce = = 3 (L) yelog 5o 5)
e=1 7€
where y. and y. denotes the ground truth and prediction,
respectively. To address the class imbalance, we adopt median
frequency class balance strategy from SegNet [75]. And we
attempt to incorporate the power operation to smooth the
estimated class weights, w, = ( %)i, where f. is the frequency

of class ¢, and f; is the median of all class frequencies.
Second, to maximize the intersection-over-union (IoU)
score, we chose the Lovasz-Softmax loss function [53], repre-
sented as L;s. Its formulation can be summarized as follows,

C
1 _
Lis = & 2 Ay m(©) 6)
c=1
mio) = | L7 P e=p )
ps otherwise

where Ay, indicates the Lovdsz extension of the Jaccard
index,p{ € [0, 1], p{ € [0, 1] are the predicted probability
and ground truth for the ith pixel of class c.

The problem of boundary ambiguity between different
objects/classes in the segmentation results often arises from
downsampling and upsampling operations [76], [77], [78].
And few studies focus on finding appropriate solution to
this issue for range image based segmentation [22]. Hence,
motivated by [1], we introduce a boundary loss function, which
can be defined as,

2P¢R¢

P¢ + R¢
where P¢ and R¢ denotes the precision and recall of the
predicted boundary map y,s with respect to the ground truth
yg: for class c¢. § and y indicate the prediction and ground
truth for each class. We give the definition of boundaries as,

Lpa(y,y) =1 ®)

Yo = pool(1 = ygr, 60) — (1 = ygr). 9)
Yoq = pool(1 = ypa, 60) — (1 = ypa) (10)

Here pool(-) means max-pooling operation on a sliding win-
dow of size 6p. And in order to model vicious boundary, the
6o should be set as small as possible. Figure 9 shows the
boundary maps of different classes with 6y = 3.

Finally, our total loss is the weighted combination of these
three loss functions, given by,

L =X Lyce +A2Lis +A3Lpg (11)

where A1, A2, and A3 are the corresponding weights to con-
strain the contributions of the weighted cross-entropy loss,
Lovasz-Softmax loss and boundary loss. In our experiments,
we set i in Lyc to be 0.5 and the weights A; = 1.0,
Ay = 3.0, A3 = 1.0. We will specifically study and analyze
the effect of different loss items and their associated weights
in Section V-D.
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Building

Sidewalk

Fig. 9. Visualization of the extracted boundaries. From the top to the bottom,
the ground truth and the extracted boundaries of each different segmentation
class are represented respectively.

D. Post-Processing

The prediction label re-projection from range image to 3D
point cloud possibly comes with misclassification problem.
The reason is that two or more LiDAR points might be
associated with the same pixel. In order to cope with this
issue, we employ a k-nearest neighbor (KNN) post-processing
strategy to generate a new semantic label for each 3D point,
where the closest neighbors are found in the subsampled point
cloud instead of the complete scene using a sliding window
technique [16].

IV. EXPERIMENTS

In this section, we present quantitative and qualita-
tive evaluations of our TransRVNet on the large-scale
SemanticKITTI [7] and the newly proposed small-scale
SemanticPOSS [9] benchmarks with a single NVIDIA RTX
2080Ti GPU. In the following, we first give a brief description
of the datasets and evaluation metric. Then, we provide the
implementation details. Finally, by comparing with other state-
of-the-art approaches, we further validate the effectiveness of
our proposed network with quantitative analysis.

A. Dataset

SemanticKITTI dataset is constructed by providing dense
point-wise semantic annotations for all 360° scans in KITTI
Odometry Benchmark [90]. This datasets contains over
43,000 scans from 21 sequences, where over 21,000 scans
of sequences 00 to 10 are used for training, sequence 08 is
chosen as validation set, while the remaining scans from 11 to
21 for testing.

SemanticPOSS dataset, collected by Peking University, is a
small-scale much sparser benchmark with point-wise label
provided. It consists of 2,988 diverse and complicated LiDAR
scenes with large quantity of dynamic instances [9]. For
convenience, SemanticPOSS follows the same data format as
SemanticKITTI, which is divided into 6 parts, with part 2 as
testing set and the others as training set.

B. Evaluation Metric

To evaluate the performance of our TransRVNet and make a
fair comparison with other state-of-the-art techniques, we use
the standard mean Intersection over Union (mloU) [91] as our
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TABLE 1
THE MEAN I0U (%) COMPARISON ON SEMANTICKITTI TEST SET. NOTE THAT AN FPS ABOVE 10 Is CONSIDERED REAL-TIME.
THIS Is BECAUSE THE ACQUISITION FREQUENCY OF THE VELODYNE HDL-64E [6] LIDAR SENSOR Is 10 Hz
= p E
K] -2 2 5 &
] o] = < 3 5 2d =}

2 s Z s 2 2 7 2 5 B 2 2 - 72 |g

E ESN 4 5 s ESE-| T 2 H 8 3 8 b = E o £ s | Z

& 5 8 5] E = 5 2 ] ] 5 = = E] 5 G 2 5 s ] S | &

Category Method g O a = = S a ) = & & 7 S Q = > = = [ = = 7

Pointnet [17] 46.3 1.3 0.3 0.1 0.8 0.2 0.2 0.0 61.6 158 357 1.4 414 129 310 4.6 17.6 24 3.7 14.6 2

Pointnet++ [18] 53.7 1.9 0.2 0.9 0.2 0.9 1.0 0.0 720 187 418 5.6 62.3 169 465 13.8  30.0 6.0 8.9 20.1 0.1

TangentConv [33] 86.8 1.3 12.7 11.6 10.2 17.1 20.2 0.5 82.9 152 617 9.0 82.8 442 755 425 555 302 222 359 | 03

LatticeNet [36] 929 16,6 222 266 214 356 430 460 900 594 741 220 882 588 81.7 636 63.1 519 484 | 529 7

Point-based RandLa-Net [19] 50K pts 942 260 258 40.1 389 492 482 72 90.7 603 737 204 869 563 814 613 668 492 477 539 22

BAF-LAC [79] 942 276 304 399 40.1 463  49.1 105 909 614 740 222 882 570 813 61.7 653 498 539 549 —

Kpconv [35] 96.0 302 425 334 443 615 616 11.8 888 613 727 316 905 642 848 692 69.1 564 474 | 588 | 0.8

BAAF [80] 954 31.8 355 487 467 495 557 530 909 622 744 236 89.8 60.8 827 634 679 537 520 | 599 5

FG-Net [¢1] - - - - - - - - - - - - - - - - - - - | 539 ] -

MinkNet [44] 943 231 262 26.1 36.7 431 36.4 79 91.1 63.8 697 293 927 57.1 83.7 684 647 573 60.1 543 -

FusionNet [82] 953 475 377 418 345 595 568 11.9 91.8 688 77.1 30.8 925 694 845 698 685 604 665 61.3 11

SPVCNN-lite [83] - - - - - - - - - - — - - - - - - - - 58.5 8.1

SPVCNN [83] - - - — - - — - — - — - - - — - — — - 63.8 32

Voxel-based Cylinder3D V1 [40] Voxel 96.1 542 476 386 450 65.1 63.5 136 912 622 752 187 89.6 61.6 854 697 693 626 64.7 61.8 | 7.6

Cylinder3D V2 [84] 97.1 67.6 640 590 586 739 679 360 914 651 755 323 910 665 854 71.8 685 626 656 | 678 | 59

JS3C-Net [85] 95.8 593 529 543 460 695 654 399 89 619 721 319 925 708 845 698 679 607 687 | 66.0 | 2.1

AF2S3 [42] 945 654 868 392 41.1 80.7 804 743 913 688 725 535 879 632 702 685 537 615 710 | 69.7 -

RPVNet [56] 97.6 684 687 442 61.1 759 744 734 934 703 807 333 935 721 86.5 75.1 7177 648 614 | 703 6.0

SqueezeSeg [15] 64 x 2048 px 68.8 16.0 4.1 33 3.6 12.9 13.1 0.9 854 269 543 4.5 574 290 60.0 243 537 175 245 29.5 66

SqueezeSegV2 [47] 64 x 2048 px 81.8 18.5 17.9 13.4 140 20.1 25.1 39 88.6 458 67.6 17.7 737  41.1 718 358 602 202 363 39.7 50

SqueezeSegV3 [48] 64 x 2048 px 925 387 365 296 330 456 462 20.1 917 634 748 264 89.0 594 820 587 654 49.6 589 559 6

3D-MiniNet [51] 64 x 2048 px 90.5 423 421 285 294 478 441 145 916 642 745 254 894 60.8 828 608 667 480 56.6 | 55.8 28

FPS-Net [64] 64 x 2048 px 91.1 48.6 378 37.1 30 60.5 57.8 75 91.1 619 746 260 874 574 809 612 650 499 592 57.1 21

PolarNet [87] 480 x 360 x 32 | 93.8 403 30.1 229 285 432 402 5.6 90.8 61.7 744 21.7 90.0 613 840 655 678 51.8 575 | 543 16

Hybrid CNN-LSTM [88] 512x512%x32 | 926 457 496 486 302 538 746 9.2 90.7 233 757 176 90.0 513 871 60.8 754 639 415 | 569 11

TORNADONet [89] 64 x 2048 px 93.1 53.0 444 431 394 61.6 567 202 908 653 753 275 89.6 629 841 643 69.6 550 642 | 61.1 7

Image-based TORNADONet-HiRes [89] 128 x 2048 px 942 557 481 40.0 382 636 60.1 349 897 663 745 287 913 656 856 670 715 580 659 63.1 4

s KPRNet [55] 289 x 4097 px 95.5 54.1 479 236 426 659 650 165 932 739 806 302 91.7 684 857 698 712 587 64.1 63.1 0.3

MPF [57] 64 x 2048 px 934 302 383 261 285 481 46.1 18.1 90.6 623 745 306 885 597 835 597 692 497 581 555 21

64 x 1024 px 927 282 305 269 252 425 455 9.5 90.5 647 743 320 883 59.0 834 566 698 460 549 53.6 29

SalsaNext [57] 64 x 2048 px 919 483 386 389 319 602 3590 194 91.7 637 758 29.1 902 642 81.8 636 665 543 621 59.5 24

64 x 1024 px 91.1 442 370 352 313 399 493 224 911 63.6 750 285 886 615 796 525 665 445 507 554 32

RangeNet++ [16] 64 x 2048 px 914 257 344 257 230 383 388 4.8 91.8 650 752 278 874 3586 805 551 646 479 559 | 522 12

2 64 x 1024 px 90.3 206 27.1 252 176 29.6 342 7.1 904 523 727 228 839 533 777 525 637 438 472 | 480 21

TransRVNet(ours) 64 x 1024 px 92.7 512 503 434 418 621 555 284 919 685 765 299 910 67.1 844 676 702 592 625 | 628 26
evaluation metric, which can be formalized as, W = 1,600. The corresponding window size of Transformer
L rp is [4, 50]. In the KNN post-processing stage, we exploit the

C
mlOU = — z (12) same settings as SemanticKITTIL.
NC . TP.+FP.+ FN,

where T P., FP, and FN, represents the number of true
positive, false positive, and false negative point predictions
for class c, respectively.

C. Implementation Details

We implement our TransRVNet architecture based on
PyTorch framework. And we use average pooling of kernel
size 3 for downsampling and the PixelShuffle [92] method for
upsampling. All models are trained using AdamW optimizer
with weight decay of 0.0001. During training, random rotation,
random dropping points, and random sign inverting for X and
Y values with a probability of 0.5 are applied to augment the
input point cloud to avoid overfitting. Specifically,

As for SemanticKITTI dataset [7], we train our model for
30 epochs with a batch size 6, and a one-cycle learning rate
policy. The maximum learning rate is set to 0.002 and then
is decayed to 0.0002 at 30 epochs. The dropout probability
is 0.2. We set the height and width of input range images to
H = 64 and W = 1,024, respectively. The window size for
our Transformer block is set as [4, 64]. For the KNN post-
processing stage, we use window size of 7 for neighbor search,
with k=7, o =1, and a cutoff of 2 m.

For SemanticPOSS dataset [9], we use the same learning
rate strategy as SemanticKITTI, but with a difference that two
cycles are used. We train our TransRVNet for 60 epochs using
a batch size of 4. The dropout probability is set to be 0.2.
The height and width of input range images are H = 64,

D. Results

1) Quantitative Results on SemanticKITTI: The quantitative
comparisons with the state-of-the-art point-wise and image-
based approaches on SemanticKITTI are reported in Table I.
From these experimental results, we can obtain the following
observations,

o Our proposed TransRVNet achieves superior performance
(62.8%) at 64 x 1024 px inputs, outperforming not only
most image-based methods at low resolutions, but also all
point-based methods. Moreover, compared to voxel-based
methods, our method achieves a better balance between
accuracy and computational complexity.

o The TransRVNet noticeably surpasses the counterpart
image-based baseline RangeNet++ (48.0%) by a sig-
nificant margin, achieving an improvement of 14.8%
mloU score, and it also improves another version of
RangeNet++ (52.2%) using range image of 64 x 2048 as
input by +10.6% mloU value. Compared to the more
optimal methods TORNADONet [89] and KPRNet [55],
we obtain fairly competitive results (62.8 mloU wvs.
63.1 mloU) with much smaller input sizes (64 x 1024 px
vs. 128 x 2048 px vs. 289 x 4097 px) while maintaining
a high inference speed (26 fps vs. 4 fps vs. 0.3 fps).

2) Quantitative Results on SemanticPOSS: Table II present
the mean IoU comparison with all the referred works on
Sequence 02 SemanticPOSS [9] dataset. It can be clearly
reported that (1) TransRVNet obtains a leading performance
on test sequences (a mloU of 49.3%), which significantly
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TABLE II
QUANTITATIVE COMPARISON WITH RECENT WORKS ON SEQUENCE 02 OF SEMANTICPOSS TEST SET USING MEAN IoU (%)
= )
¢ = 2 & .
= - 4 Q Q = <2 © =]
[ ~ @] = ~ = ~ = M @] =2 M Qo mIOU
SqueezeSeg [15] 14.2 1.0 13.2 10.4 28.0 5.1 5.7 2.3 43.6 0.2 15.6 31.0 75.0 18.9
SqueezeSeg + CRF [15] 3.8 0.6 6.7 4.0 2.5 9.1 1.3 04 37.1 0.2 8.4 18.5 72.1 12.9
SqueezeSegV2 [47] 48.0 9.4 48.5 11.3 50.1 6.7 6.2 14.8 60.4 52 22.1 36.1 71.3 30.0
SqueezeSegV2 + CRF [47] | 43.9 7.1 479 18.4 40.9 4.8 2.8 7.4 57.5 0.6 12.0 35.3 71.3 26.9
RangeNet53 [16] 55.7 4.5 344 13.7 57.5 3.7 6.6 23.3 64.9 6.1 22.2 28.3 72.9 30.3
RangeNet53 + KNN [16] 57.3 4.6 35.0 14.1 58.3 39 6.9 24.1 66.1 6.6 234 28.6 73.5 30.9
MINet [22] 61.8 12.0 63.3 22.2 68.1 16.3 29.3 285 74.6 259 31.7 44.5 76.4 42.7
MINet + KNN [22] 62.4 12.1 63.8 22.3 68.6 16.7 30.1 289 75.1 28.6 322 44.9 76.3 43.2
TransRVNet 77.4 25.7 77.3 30.0 72.7 14.5 28.6  51.1 79.1 23.8  49.7 54.2 79.9 51.1
TransRVNet + KNN 77.9 26.1 77.8 30.1 73.1 14.6 29.1 535 79.8 247  49.5 53.8 78.8 51.5
TABLE III

promotes the previous state-of-the-art RangeNet++ [16] and
MINet [22] by 20.6%, 8.3%, respectively. (2) All approaches
have a much lower mloU score due to the following reason
that compared with SemanticKITTI, SemanticPOSS is a much
smaller and more sparse dataset.

V. ABLATION STUDY

To better understand the proposed TransRVNet, we carry
out ablation studies to discuss the contributions of important
designed techniques (including network architecture design,
choice of window size, role of MRCIAM and CAM module)
made to segmentation performance. For all the ablation exper-
iments, we use Sequence 08 on SemanticKITTI dataset for
testing, and the remaining sequences for training. Here, for
efficient training and evaluation, we choose the similar setup
as SqueezeSegV3 [48]. The size of the input range image is
set to 64 x 512, and the accuracy of the evaluation is chosen
to be listed directly on the projected 2D images rather than
on the original 3D points.

A. Network Architecture

In order to investigate the effectiveness of our CNN-
Transformer architecture on segmentation performance,
we perform the following comparisons, (1) we design two
Transformer-CNN frameworks based on TransRVNet, where
we replace all the Transformer decoder blocks by our Conv
Decoder Block, and use the high-performance Swin-T and
ViT models as encoder with the following hyper-parameter
settings.

o We set the query dimension of each head in multi-head
self-attention to 32, and integrate 4 expansion layers in
MLP.

o For Swin-T: C = 96, layer numbers = {2, 2, 6, 2}

o For ViT: C = 64, layer numbers = {4, 4, 4, 4}

Where C denotes the number of channels in the first stage.
layer numbers refers to the number of Transformer blocks
in each encoder module. (2) We remove MRCIAM from the
ViT-CNN model.

Table IIT lists the mloU comparisons between three
Transformer-CNN variants and CNN-Transformer structures.
From this, it can be obviously observed that (1) Our CNN-BN-
Transformer model achieves the best performance in terms of

IMPACT OF NETWORK ARCHITECTURE ON
SEMANTICKITTI VALIDATION SET

mloU
46.3
47.5
53.0
58.1

Params
3440 M
20.62 M
20.86 M
26.52 M

Architecture
Swin-T-CNN (w/o MRCIAM)
ViT-CNN (w/o MRCIAM)
ViT-CNN (w MRCIAM)
CNN-BN-Transformer

TABLE IV
IMPACT OF WINDOW SIZE ON SEMANTICKITTI VALIDATION SET

GPU Memory
(Batchsize=8)
7,701 MiB
7,881 MiB
8,153 MiB
8,757 MiB
10,513 MiB

mloU

56.9
57.1
57.8
58.1
57.1

FLOPs

33.15G
33.28G
33.53G
34.03G
35.71G

Window Size

(4, 4]
[4, 8]
[4, 16]
4, 32]
[4, 64]

accuracy, which is much more suitable for LiDAR seman-
tic segmentation than Transformer-CNN framework. (2) The
introduction of MRCIAM leads to a significant improvement
of mloU of 5.5% over the counterpart without MRCIAM.

B. Impact of Window Size

As discussed in Section III-B.4, the non-square shifted
window scheme is a key design element for our TransRVNet.
Therefore, the window size actually have a great impact on not
only the segmentation performance, but also the parameter and
computation complexity. To verify its effect on segmentation
result, we provide quantitative comparison of TransRVNet
using different window size in Table IV. As we expect,
(1) the semantic segmentation performance increases with the
increase of window size. This is mainly because larger win-
dow commonly corresponds to larger respective filed, which
means we can aggregate much richer context information.
However, larger window usually leads to higher memory cost.
(2) Compared with square window, non-square window yields
much better performance. For example, windows of size [4, 8],
[4, 16], [4, 32] improve the mIoU over 0.2%, 0.9%, and 1.2%
against the counterpart with size [4, 4]. This is largely attribute
to the fact that the width of range image is far larger than its
height, which we define as size imbalance problem. (3) It is
worth noting that when the window size is increased to [4, 64],
although the receptive field of our model is enlarged, the
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TABLE V
ANALYSIS OF IMPACT OF WINDOW SIZE ON SEMANTICKITTI VALIDATION SET

) o E]

2 -2 =2 3 o g

o <= - o o .20

. B sz 3 » 3 B 2 2 < g

o = A = o ] g o) 5 o S ~ ‘=

s £ £ % 2 ¢ £ 2 % 2 & 2 £ 2 & % & =2 §

Window Size &) 3 = = o a o = & & b2 s} /a = > = &= = =
Square Window [4, 4] 94.3 36.1 43.9 81.7 33.5 43.2 69.4 0.0 94.9 48.3 81.5 0.3 84.9 57.9 84.6 57.2 71.0 62.3 36.5
Non-Square Window [4, 32] 94.5 44.2 48.1 81.7 34.8 49.8 73.7 0.0 94.8 48.2 81.3 0.7 83.2 51.6 854 59.0 73.2 62.7 37.2
+0.2 +8.1 +4.2 0.0 +1.3 +5.6 +4.3 0.0 -0.1 -0.1 -0.2 +0.4 -0.3 -6.3 +0.8 +1.8 +2.2 +0.4 +0.7

Fig. 10. Qualitative analysis on SemanticKITTI validation set. In each example, visualizations of the input range channel, ground truth, predictions for the
[4, 32] Non-Square Window Model, and predictions for the [4, 4] Square Window Model are shown from top to bottom. (The right side of each example

shows a enlarged view of the red marked box on the left.)

TABLE VI
ANALYSIS OF MRCIAM MODULE ON SEMANTICKITTI VALIDATION SET

) P E]

) Q 2 =

E’» S =z S, = g & ,E %ﬂ

3 fF 5 i s %5 & L F i ¥ 5 35 & 2 = s

s T 2 El £ 4 g 2 5 3z 5 £ = 5 2 5 5 2 E

Architecture @] a = = (<] & /A = & -5 2 ) @ = > = = = =
Full Model w /o MRCIAM 94.8 37.1 47.2 80.1 46.6 352 724 00 943 47.0 80.9 1.0 82.1 50.7 83.6 56.6 71.1 61.1 337
Full Model 945 442 481 817 348 498 737 00 948 482 813 07 832 516 854 590 732 627 372
03 +71 +09 +1.6 -11.8 +i146 +13 00 +05 +0.8 +04 -03 +1.1 +09 +1.8 +1.4 +2.1 +1.6 +3.5

TABLE VII

performance degrades. This is probably due to the fact that
the limited parameters and model complexity make it rather
more difficult to perform adequate feature decoding inside the
oversized window. Therefore, for 64 x 512 inputs, a window
size of [4, 32] contributes to gaining global self-attention
on the smallest feature map (After 16x downsampling, the
feature map size becomes 4 x 32), which can provide a good
balance between receptive field and computational complexity.
(4) From these results It can be concluded that non-square
window is proved to be an ideal and reasonable choice for
our Transformer model.

Table V illustrates the specific effect of window size on each
segmentation class. It can be clearly seen that larger window
size significantly improves the segmentation performance on
most classes, especially for smaller classes (e.g., bicycle,
motorcycle, person, bicyclist). This may be because larger
receptive field can help the model learn more high-dimensional
semantic information, and global self-attention can works
much better on the smallest feature maps. Fig 10 shows the
qualitative comparison of the effect of different window sizes
on the segmentation results. From left to right we can see that
our model with [4, 32] non-square shifted window achieves
much better results on all three classes, i.e. Bicyclist, Bicycle
and Motorcycle.

C. Effects of the MRCIAM and RCAM Module

Table VII reports the extensive ablation studies of our
proposed MRCIAM and RCAM modules. We add MRCIAM
and RCAM to the backbone one by one to validate the
effectiveness of each module. From these experimental results,
we have the following observation, (1) with only MRCIAM
and only RCAM block, the segmentation performance of
our TransRVNet is boosted to 57.2%, 56.6%, respectively,

IMPACT OF MRCIAM MODULE AND CAM MODULE
ON SEMANTICKITTI VALIDATION SET

Backbone MRCIAM RCAM | mIOU
v 55.0
. v v 56.6
Architecture v v 571
v v v 58.1

outperforming the baseline by 2.2% and 1.6%. (2) Com-
bining MRCIAM and RCAM together, our model achieves
a significant improvement of 3.1%. To further explore the
superiority of MRCIAM, we present the quantitative results
on all classes of SemanticKITTI dataset in Table VI. With
MRCIAM, our TransRVNet makes evident improvements on
almost all classes in terms of class mloU. We attribute this
to the powerful ability of MRCIAM to capture multi-scale
channel-wise context and model inter-channel, intra-channel
interactions. Fig. 11 shows the qualitative comparison of the
segmentation results on class of person, which reports that our
network with MRCIAM can yield better segmentation results
on different input frames.

D. Effect of Weight Parameters for Loss Functions

To investigate the impact of different loss items on model
optimization, we first fix these three weight coefficients to
1.0 and conduct the experiments. From Table VIII, it can be
clearly reported that all there loss items play important roles
in performance improvement.

Then, we begin to study the effect of different choices of
these weighting factors. Since the cross-entropy loss is the
most fundamental item, we set its weight A1 to be 1.0 in all
the experiments.
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Fig. 11.

Qualitative analysis on SemanticKITTI validation set. In each example, visualizations of the input range channel, ground truth, predictions of Full

Model, and prediction of Full Model w/0 MRCIAM are shown from top to bottom. (The right side of each example shows a enlarged view of the red marked

box on the left.)

TABLE VIII
EFFECT OF DIFFERENT LOSSES ON SEMANTICKITTI VALIDATION SET

Cross-Entropy Loss ~ Lovasz-Softmax Loss ~ Boundary Loss | mloU
v 50.1
v v 57.3
v v 55.1
v v 52.0
v v v 59.1
TABLE IX

EFFECT OF Ay

[ 05 1.0 2.0 2.5 3.0 3.5 4.0 5.0
mloU [ 57.8° 591 593 601 602 59.6 592 588

TABLE X
EFFECT OF A3, AND i IN Lyyce

(05 1.0 15 20 025 05 075 1.0

mloU [ 59.7 60.2 59.7 595 mloU 602 60.5 59.8 60.2
Effect of A3 Effect of 7 in Ly,

First, we investigated the effect of the weighting factor
M. We set A; = 1.0, A3 = 1.0 and i = 1.0 to train our
model with 1, € {0.5,1.0,2.0,2.5,3.0,3.5,4.0,5.0}. From
Table IX, we see that our model achieves the best performance
at A, = 3.0.

Second, we investigated the effect of the weighting factor
A3. We set A = 1.0, 2, = 3.0 and i = 1.0 to train
our network with A3 € {0.5,1.0, 1.5, 2.0}. The results from
Table X indicate that the model A3 = 1.0 is the optimal choice
for achievement of the best performance.

Finally, we investigated the effect of weighting factor i.
We use A; = 1.0, A, = 3.0 and A3 = 1.0 to train our
framework with i € {0.25, 0.5, 0.75, 1.0}. It can be stated that
the best result is obtained when i = 0.5. Therefore, we set A,
A2, Az, i to 1.0, 3.0, 1.0, and 0.5 in our experiments.

VI. CONCLUSION

In this paper, we transfer the encouraging performance
of Transformer in NLP to image-based LiDAR semantic
segmentation task by constructing a CNN-Transformer archi-
tecture, named TransRVNet. We first present a Multi Residual
Channel Interaction Attention Module to aggregate contextual
information and model inter-channel, intra-channel interac-
tions. Then, a Residual Context Aggregation Module is used
as encoder block to model multi-level multi-scale features.
Finally, we design a Balanced Non-square-Transformer Mod-
ule as decoder element to capture local-global dependencies.
During training, we weight the weighted cross-entropy loss,
Lovasz-Softmax loss and boundary loss to supervise our net-
work. Extensive experimental results on SemanticKITTI and

SemanticPOSS demonstrate that our TransRVNet outperforms
several state-of-the-art point-based, voxel-based and image-
based models in terms of mloU, achieving promising perfor-
mance. And ablation studies further verify the effectiveness of
our proposed learning modules.

Limitations: In our TransRVNet, the window size is a
hyperparameter that needs to be chosen. Although based
on the prior knowledge, we can define it as the size of
the minimum feature map to obtain global self-attention.
However, the optimal setting for window size may require
more searching and testing for different model sizes, input
sizes, and different datasets. In addition, the traditional CNN
models can handle different scales of input very well. For
Transformer-based ViT model, however, it is limited by the
setting of position embedding. For different input sizes, the
learned relative position bias may have to be fine-tuned by
bi-cubic interpolation to accommodate different window sizes.
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