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Abstract

Simultaneous online mapping and semantic segmentation using handheld scanners sup-
ports various environmental inspection and measurement tasks. For such scanners, comb-
ing visual and LiDAR data is beneficial for improving the segmentation performance. But
the direct fusion of multi-modal and multi-view features faces challenges in terms of both
real-time performance and robustness. To address these challenges, this paper proposes a
multi-view and cross-modal knowledge distillation method for supporting runtime LiDAR-
only semantic segmentation. The proposed method hierarchically compacts multi-view and
cross-model priors and distills them into two branches to improve segmentation accuracy.
In addition, we design an improved data augmentation technique based on PolarMix for
rendering more realistic point cloud scenes. The experimental results on the SemanticKITTI
and nuScenes datasets demonstrate that the mloU of our approach outperforms the state-
of-the-art knowledge-distillation-based methods. In addition, mapping experiments using
a handheld scanner demonstrate the proposed method’s superior real-time performance
and accuracy.

Keywords: LiDAR; semantic segmentation; multi-view and cross-model fusion; knowledge
distillation; handheld 3D scanner

1. Introduction

Handheld LiDAR scanners are increasingly being used in inspection applications. The
Online semantic segmentation of point clouds from such scanners during the scanning
process enables fine-grained and visible measurement tasks [1,2], such as measuring the
height of trees and poles. For semantic segmentation tasks, cameras can provide color and
texture features of the surrounding environment, thereby achieving high segmentation
accuracy [3]. However, cameras are inherently susceptible to changes in lighting conditions
(as shown in Figure 1a) and have difficulty obtaining precise depth information for distant
objects. In contrast, the Light Detection and Ranging (LiDAR) sensor offers precise spatial
data over a wide range and is robust to illumination fluctuation. With the rapid develop-
ment of deep learning, point cloud semantic segmentation technology has made significant
progress. However, the performance of deep learning models is highly dependent on
the scale and diversity of the training data. In practical applications, point cloud data is
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constrained by factors such as sensor performance, scanning range, and environmental oc-
clusion, and it often suffers from uneven point density and sparsity, which make the model
prone to overfitting and limits its generalization. Furthermore, the limitation of LiDAR is
that it cannot capture information such as color and texture (as shown in Figure 1b), and
the sparsity and disorder of the large number of point clouds also pose challenges to its
semantic segmentation methods.

(c) Shortcomings of different LIDAR views

Figure 1. Visualization Multi-view and Cross-modal sensor data characteristics: (a) accurate position
of the point clouds, as well as color and texture of the image, (b) one drawback of the camera:
overexposure, (c) shortcomings of different LIDAR views: disorder, quantization error, projection
error. x indicates that this point is obscured in the point cloud projection image.

Data augmentation techniques have become an important approach to addressing data
distribution issues in LIDAR semantic segmentation. By applying a series of transformation
operations to the original data, they artificially expand the size and diversity of the training
set, thereby enhancing the model’s robustness and generalization performance. Among
the point cloud data augmentation methods, PolarMix [4] is a representative advanced
enhancement algorithm. This method draws on the idea of image mixture enhancement
and performs multi-angle rotations and pasting operations on point cloud instances. It
effectively enriches the distribution of point cloud data while preserving the scene’s ge-
ometric structure. However, the PolarMix method has some limitations: it applies the
same rotation-pasting operations to all instance classes, regardless of differences in the
number of instances in each category in the original data set. This strategy fails to fully
account for the significant class imbalance in the original point cloud data. Moreover,
this strategy does not account for the physical distribution characteristics of real point
clouds and introduces a large number of mutually occluded, penetrating, or suspended
objects. This problem limits the model’s ability to learn from sparse classes, in turn affecting
overall segmentation performance. To address the issue of the limited variety of LIDAR
features, many approaches utilizing different views of LiDAR have emerged in recent
years, primarily encompassing point-based methods [5,6], voxel-based methods [7,8], and
projection-based methods [9,10]. However, each view has its limitations. For instance, as
illustrated in Figure 1c, the inherent disorder of the point cloud, the quantization error
caused by voxelization, and the error resulting from projection all impose constraints on
accuracy. To address the issues mentioned above, the multi-view fusion strategy takes
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advantage of the collaborative strengths of multiple views, achieving more accurate seg-
mentation, as exemplified in [11]. However, these approaches often encounter redundancy
features between different views originating from the same sensor, and the lack of feature
diversity also constrains segmentation accuracy.

Compared with multi-view methods, multi-modal methods that fuse more types of
sensors can bring more diverse features and theoretically improve segmentation accu-
racy. However, they also face two challenges: degradation in accuracy and inherently low
real-time performance when applied to a handheld 3D scanner. For example, the calibra-
tion errors between multiple sensors could potentially reduce the segmentation accuracy.
And abnormal data from any sensors, such as the overexposure shown in Figure 1b, is
detrimental to accuracy and robustness. Additionally, whether for multi-view methods or
multi-modal methods, they typically require dedicated feature encoders for each input data.
These encoders impose a significant computational load and consume valuable memory
resources, resulting in a decrease in real-time performance and hindering the scalability of
the data. These challenges mentioned above make it difficult to combine online semantic
segmentation with other high-real-time and highly accurate tasks on handheld 3D scanners.

To address the issues above, this paper proposes a two-branch feature enhancement
framework that utilizes multi-modal and multi-view feature fusion to strengthen a LiDAR-
only semantic segmentation baseline. The lightweight baseline in charge of inference
constitutes the main branch, which is instantiated by a voxel-based lightweight segmenta-
tion paradigm in this paper. To compensate for the accuracy loss caused by lightweighting,
the auxiliary branch hierarchically compacts the input multi-view and multi-modal features
in a mutual-attention-based manner, followed by distilling the final fused features to all
branches. In contrast to the lightweight main branch, which prioritizes high real-time
performance, the lightweight auxiliary branch is designed to improve network scalabil-
ity by conserving memory resources as much as possible. To further improve accuracy,
we also propose an enhanced data augmentation method called APolarMix, which is
based on the classical PolarMix method. In contrast to the original vision, which employs
scene-level swapping by exchanging sectors of LIDAR scans and instance-level holistic
rotate-pasting, the primary objective of APolarMix is to render the inserted object point
clouds more realistic.

In summary, the main contributions of this paper are as follows:

e We propose a multi-view and cross-modal fusion method for improving accuracy
while maintaining the real-time performance of semantic segmentation. The key to this
framework lies in creating compact features through a mutual-attention-based three-
step gated mechanism (GM) fusion across multi-view and cross-modality features.
This design also offers low coupling between input features and easily allows for the
addition of more view /modality features at a low cost.

e We adopt bidirectional intra-channel enhancement and inter-channel fusion in the
auxiliary branch combined with two-branch knowledge distillation (KD) to strengthen
both branches simultaneously. By improving the performance of the auxiliary branch,
the main branch’s performance can also be enhanced indirectly. In contrast to full-
modal and full-view inference, our approach significantly enhances segmentation
accuracy.

*  Anenhanced PolarMix-based data augmentation algorithm is proposed. This method
is designed to achieve a more realistic augmentation of point clouds by incorporating
rotational adjustments, height alterations, and occlusion rectifications.

¢ Compared to other KD-based point cloud semantic segmentation methods, our
method has outperformed the state-of-the-art performance in both mloU and in-
ference speed on the SemanticKITTI and the nuScenes datasets. Additional mapping
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experiments further demonstrate the necessity of real-time and accurate semantic
segmentation for handheld applications.

2. Related Works
2.1. LiDAR Point Cloud Semantic Segmentation

Current LiDAR-based semantic segmentation technology routes can be predominantly
classified into three categories: point-, voxel-, and projection-based methods.

Point-based methods, such as PointNet++ [5], are adept at processing 3D point clouds.
These techniques exhibit considerable efficacy when applied to small point cloud datasets.
However, when dealing with large-scale point clouds, their accuracy will decrease. To
address this challenge and improve performance on large-scale scenes, RandLA-Net [6]
has been proposed. This network introduces simple yet effective random down-sampling
procedures with local feature aggregation strategies.

Projection-based methods are designed to map various perspectives, such as a bird’s-
eye view (BEV) [12] or range view (RV), of 3D point clouds onto a 2D image plane. These
approaches frequently attain high real-time performance. Nevertheless, they are susceptible
to information loss due to occlusions. Ref. [9] introduces a rapid, GPU-accelerated k-nearest
neighbor (KNN) search algorithm to obtain a collective vote of the nearest k points for
each point. An end-to-end method [13] circumvents this post-processing challenge by
introducing KPConv layers before the final classification stage.

Some voxel-based baselines [14] attempt to achieve faster 3D convolution and en-
hance performance while reducing computational requirements. On the other hand, others
employ different convolution shapes and network structures to enhance feature capture
capabilities. Ref. [8] introduces an asymmetrical residual block designed to diminish
computational complexity while preserving features pertinent to cuboid-like objects. Fur-
thermore, AF2S53Net [15] proposes two innovative attention blocks that effectively capture
local and global contextual information.

2.2. Cross-Modal and Multi-View Semantic Segmentation

Cross-modal and multi-view methods exhibit many configurations. The fusion meth-
ods of point and voxel have been explored by several researchers, including [16,17]. Specifi-
cally, ref. [16] introduces a semantic segmentation framework for single-sweep LiDAR point
clouds, which capitalizes on contextual shape priors derived from a semantic scene com-
pletion network. Ref. [17] combines the multi-layer perceptron with the sparse convolution
in a block to facilitate learning robust representations. The work by [18] employs RV and
BEV data for point cloud semantic segmentation. It presents a novel module that utilizes
geometric relationships within an end-to-end learning paradigm to align and disseminate
complementary information across disparate views in a bi-directional manner. Ref. [19]
projects point features into 2D space and combines them with range data. Ref. [20] achieves
multi-scale feature extraction by fusing range information, point coordinate projection,
residual projection, and intensity projection. Ref. [11] proposes a deep fusion framework
that incorporates multi-level mutual information interactions across point, voxel, and range
views, and it utilizes a gated fusion module to fuse all features adaptively.

2.3. Knowledge Distillation

Knowledge distillation was first introduced to help compress a large-scale teacher
network into a smaller student network [21]. In the field of computer vision, some KD-based
methods utilize various forms of features to distill knowledge, such as visual attention map
distillation [22], mutual learning distillation [23], and mutual relation distillation [24]. In
the context of point cloud data, some methods extract prior information from an image.
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For instance, ref. [25] enables voxel-based semantic segmentation networks to assimilate
partial image features.

3. Method

In this section, we will introduce our method. Firstly, the simplified structure of the
proposed scalable network is shown in Figure 2. The network architecture comprises a main
branch that leverages features from the LIDAR sensor and an auxiliary branch designed
for modality (from other sensors/features)/view (from LiDAR) fusion. The core idea of
this scalable network is to generate compact features through hierarchical feature fusion,
which utilizes a three-step GM fusion method based on mutual attention and a multi-
branch knowledge distillation (KD) strategy. The GM-based three-step fusion encompasses
stages of light-weighting feature augmentation and fusion (LWFAF), auxiliary branch
fusion, and multi-branch fusion. When fusing more modalities or views, we only need
to add the corresponding LWFAF module to the network, thereby enabling the network
to achieve excellent scalability. The auxiliary branch fusion aims to fuse and compact the
output features of all LIWFAF modules. This strategy allows for a single encoder to extract
multi-view, cross-modal, and multi-layer features. The third level of gated fusion further
fuses the encoded features from the main and the auxiliary branches at each layer and
employs KD to enhance the network’s segmentation accuracy. Figure 3 presents a detailed
implementation of the framework, which utilizes the voxel view (V) as the main branch
input while adopting the range view (R) and image modality (I) as auxiliary branch inputs.
Section 3.1 describes the main branch, which forms the network’s baseline and is involved
in both training and inference. This baseline balances real-time performance with accuracy.
Sections 3.2 and 3.3 detail the structure of the auxiliary branch. Section 3.2 emphasizes
the internal multi-level fusion mechanisms, while Section 3.3 discusses the fusion between
branches. It is important to note that the auxiliary branch is only used during training.
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Figure 2. The overall structure of the framework. The main branch takes one LiDAR view as input
(depicted in purple). The auxiliary branch fuses features from different LIDAR views and cross-modal
data from various sensors, and it distills these fused features to itself and the main branch.
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Figure 3. Details of a framework implementation. The main branch (voxel) is a simplified semantic
segmentation scheme, shown by solid lines. The auxiliary branch first extracts features from the range
and the image and then enhances them using the first-level GM. Next, the second-level fused features
are encoded to generate multi-scale features. Finally, the third-level GM fusion and two-branch
knowledge distillation are carried out in the inter-branch fusion scheme. The entire auxiliary branch
is shown with dotted lines, indicating that it is only active during training.

3.1. Structures of the Main Branch

N
In the main branch, for point clouds P = { (xl- Yi z,-) } _, we first calculate a point-
to-voxel mapping of the I-th layer through (1) and record a coordinate-based hash mapping
used for voxel-to-point mapping.

DY = (|xi/ri]  yi/7] in/r,J)?IeRN% @

where N is the number of point clouds, and each point has three channels: x,y,z. 7; is
the voxelization spatial size in the I-th layer, and | | is the floor operation. Meanwhile,
as shown in Figure 3, we use sparse convolution to extract voxel features through the
feature extraction head (FE). Subsequently, an encoder is employed to extract features with
different receptive fields in a hierarchical manner. To facilitate subsequent feature fusion,
we upsample the features to their original spatial resolution. Finally, a simple MLP-based
classifier is employed to categorize the concatenated multi-layer features.

3.2. Gating-Mechanism-Based Hierarchical Feature Fusion

In the auxiliary branch, the first step is deriving valid projection points (VPs) through
projection relationships that map point clouds to other representations. Specifically, for the
range view, the projection of point clouds is mathematically expressed by Equation (2)

H} )

o) = {% [1 _ arctar;r(y,x)]wr, ll _ arcsin (z;}—l) + fup

where H, and W, are range image size, (u v) is the pixel coordinate, f = fup + faown, is
the vertical field of view of the sensor, and r = ||p;||, is the depth of each point. When
multiple points project onto the same pixel, we choose the point with the smallest depth as
the projection point, ensuring that all points depicted in the range view are encompassed
within the sensor’s current field of view. Furthermore, the spatial projection from the
LiDAR to the camera is delineated by Equation (3)
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where K € R3* and T € R*** are the camera intrinsic and extrinsic matrices. Further-
more, we can obtain the common projection points (CVP) by combining on all mapping
relationships (2) and (3).

Meanwhile, the FE (2D convolutions for RGB image and proximity convolution [26]
for range image) is utilized to extract features from each input data. To fully leverage
these features, the auxiliary branch further extracts weighted features based on channel
attention, including the extraction of channel attention weight (CA) and the gated fusion of
CA (CAGEF). The GF module first computes mutual attention weights and splits them into
N sub-weights for subsequent weighting. As illustrated in Figure 3, multi-scale features can
be obtained by stacking multiple CAGF layers and aggregated by a multi-scale aggregation
layer (MSA). Finally, inspired by CBAM [27], we employ spatial attention (SA) to enhance
the features further.

Traditional multi-view and cross-modal deep fusion networks usually assign an en-
coder for each input data. However, because of limited computing resources, the high
computational load caused by larger features and parameters makes these methods less
suitable for fusing additional views and modalities. Therefore, the proposed approach
uses an inter-channel GF layer to fuse previous features in the auxiliary branch and then
employs a single encoder to extract multi-receptive field features. This method ensures that
adding more modalities or views does not significantly increase the computational load.

3.3. Inter-Branch Fusion

To enhance and distill features more effectively while preserving the information
from different receptive fields, the features (M_Feature) of each main branch encoder
layer are further fused with the corresponding auxiliary encoder features (A_Feature).
As shown in Figure 3, the third-level gated fusion (inter-branch fusion) occurs on the
features of each encoder layer. Because of the different representations between features,
feature transformation layers are employed before fusion to bridge the feature gap in both
directions. After the gated fusion, feature inverse transformation layers are also applied to
bridge the gap between the fused features and the original encoder features. The inverse-
transformed features are then aggregated with their original features and input into a
classifier for prediction. The fused features are distilled to both branches. Additionally,
the auxiliary branch predictions are also distilled to the main branch. This two-branch
distillation strategy aims to improve the segmentation accuracy of both branches at the
same time. By enhancing the auxiliary branch’s performance, we also strengthen the main
branch’s segmentation performance.

3.4. Augmented PolarMix

The PolarMix mainly enhances point cloud data by replicating the entire instance
instead of adding objects individually. It also does not fully account for how adaptable the
objects are when integrated into the scene, which can lead to floating objects, collisions, and
mutual occlusion, as illustrated in Figure 4a. To enhance the realism of the augmented point
cloud, this paper introduces the APolarMix data augmentation technique. This approach
includes two parts: point cloud preprocessing and point cloud augmentation.
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(b)

Figure 4. An enhanced point cloud frame by PolarMix, where the white points represent inserted

instance objects and other colors indicate different categories of objects in the original scene. (a) il-
lustrates an example of the interpenetration problem, where inserted cars overlap with the scene’s
walls (blue points), and (b) shows a case of objects incorrectly placed outside the scene without
azimuth correction.

3.4.1. Point Cloud Preprocessing

Point cloud preprocessing is a step carried out offline before the network training
stage. Point cloud preprocessing involves three main steps. First, we extract ground points
(such as points on the road and parking), segment individual objects, and cluster unlabeled
objects. Next, we calculate the distances from the center of each object to the ground plane
and the LIDAR sensor. Finally, we create bounding boxes for each object and remove the
ground points beneath these boxes.

3.4.2. Point Cloud Augmentation

This data augmentation method is only used during training, so it will not affect the
inference time. For the current point cloud scene, P, and a randomly chosen scene, pY,
we first use PolarMix for initial data augmentation. It is important to note that any objects
whose bounding boxes overlap with the scene’s point cloud must be removed during the
instance-level rotate-paste step. Next, we locate the corresponding ground point clouds of
P* and P! within the ground point cloud set, G, and perform swapping and downsampling
to create a temporary ground point cloud, Pét,emp . Then, a ground point in Péemp is randomly
selected, and the distance D;emp from this point to LIDAR is calculated. In the instance
set I, objects are randomly selected based on weights, classification cls, and the distance
D;emp . This distance constraint ensures that the sparsity of these objects matches real-world
conditions. Every time an object is inserted, elevation and azimuth are calibrated to ensure
contact with the ground. In particular, using the ground point as a reference for azimuth
calibration prevents objects from exceeding scene boundaries. Figure 4b illustrates a case
without azimuth correction. The ground points beneath the bounding box of each inserted
object are removed from P;emp . As shown in Figure 5, to improve scene realism [28], we
generate a point cloud wall for each instance object in a direction far from the LIDAR and
perform scene-wise range projection and back projection. This process eliminates the point
clouds obscured by the inserted instance objects.
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Figure 5. (a) Original scene. (b) Inserting objects with generated walls. (c) Fusion of the original scene

S
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and the inserted instances. (d) Eliminating occluded points through projection and back projection.

4. Experiments

4.1. Experimental Setup
4.1.1. Dateset

The SemanticKITTI [29] comprises 43,551 LiDAR frames, with each frame containing
approximately 130,000 points. The nuScenes dataset [30] includes 1.4 billion labeled points
within 850 scenes for training and validation and 150 scenes for testing. The custom dataset
was collected using a handheld /backpack scanner platform (as shown in Figure 6). This
scanner includes a Livox Avia LiDAR (Livox Technology Co. Ltd., Shenzhen, China), a
camera, a battery, and a synchronizer to trigger all sensors. The collection rates for point
clouds and RGB images were set to 10 Hz, and the IMU data was sampled at 200 Hz. In
order to prevent the degradation of multi-modal fusion accuracy caused by extreme lighting
conditions during the training of the network, we collected data during the daytime, when
the illumination was relatively stable, avoiding direct camera angles towards the light
sources, which could lead to overexposure. Additionally, we enable the automatic gain
control and auto-exposure to compensate for the changing light conditions.

LioAR=— NN
—
Camera % ’

Figure 6. Handheld /backpack sensors platform.

|

4.1.2. Network Implementation

In this study, the encoder of the main branch is based on the architecture of SPVCNN,
and the sparse convolution operation is based on the TorchSparse++ library [31]. The layer
dimensions of the encoder are 16, 32, 64, and 128. Subsequently, an MLP is used as a
decoder to predict the classification on the upsampled features.

For the auxiliary branch, the FEs of the RGB image and the range image use a three-
layer 3 x 3 convolution to learn local features. The only difference for the FE of the range
image is that the first convolution layer is replaced by proximity convolution. The auxiliary
branch directly employs the encoder of ResNet34 [32]. Before feature fusion in the inter-
branch scheme, the output feature dimension of each encoder’s layer is then transformed
to a unified 64 dimensions. The initial voxel size is 0.05 for SemanticKITTI and 0.1 for
nuScenes. The RGB image and the range image are resized to 640 x 320 and 64 x 2048.
We apply the cross-entropy loss and Lovéasz loss [33] as the loss functions. The batch size,
learning rate, and number of epochs are 2, 0.24, and 80, respectively. The network is trained
using an SGD optimizer. To evaluate real-time inference performance, the frames per
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second (FPS) are measured on a notebook computer equipped with an Intel Core i7-11800H
CPU and an NVIDIA GeForce RTX 3070 GPU.
4.1.3. Evaluation Metrics

In this paper, we adopt a common evaluation metric, mIoU (mean intersection over
union). The mIoU metric can be defined as:

1 i TP:
C = TP. + FP. + FN,

mlol = 4)

where TP, FP. and FN, represent true positive, false positive, and false negative predictions
for the given class, c, respectively, and C is the number of classes.

4.2. Sensors Calib

Since the position and orientation of the handheld device are not fixed, it is necessary
to consider minimizing the projection error of the LiDAR point cloud onto the image. This
error is divided into two parts. The first part is the static error, which is calibrated by
collecting calibration plates from near to far for the LiDAR and the camera. To account for
motion-induced dynamic errors, we project all points in each point cloud frame onto the
coordinate system of the first point using their timestamps and IMU data.

4.3. Results on SemanticKITTI and nuScenes

In Tables 1 and 2, “VIR’ represents the combination of voxel, RGB image, and range
image, while ‘LC’ refers to LIDAR and camera. These tables demonstrate that voxel-based
methods generally outperform range image and point cloud approaches. Furthermore,
multi-view methods show significant advantages over single-view counterparts; for exam-
ple, RPVNet exceeds SPVNAS in segmentation accuracy, and similarly, the cross-modal
method UniSeg outperforms RPVNet. For KD-based methods, it is also observed that the
cross-modal method 2DPASS outperforms the unimodal PVKD, and our method surpasses
2DPASS. The mloU of UniSeg (147.6 M) surpasses our method, which may be due to the
fewer parameters and the single-view inference of our approach.

Table 1. Class-wise mIoU and FPS of Our Method and Other Methods on the SemanticKITTI
Leaderboard.

g -
1 [ -—
- 2 z 3 z 2 3 : 5
3 S ES = v g . 5 @ I R - = . %
= z =z 3 g ) 4 5 3 o 8 - 3 z 5 S IR 1 ~o 2 o &
kot < S 9] = 2 ks) [ < = I k) = = 5] & =1 g &0 =1 = & &=
g E = 5 § £ E E ® & £ £ &€ & % 2 E & ¢ E & 17 E
RandLA-Net [6] 55.9 P 14 942 298 322 439 391 484 474 94 905 618 74 245 89.7 604 838 636 686 51 50.7
RangeNet53++ [9]  52.2 R 139 914 257 344 257 23 383 388 48 918 65 752 278 874 586 805 551 64.6 479 559
SalsaNext [34] 59.5 36.67 919 483 386 389 319 602 5 194 917 637 758 291 902 642 818 636 665 543 621
PolarNet [12] 54.3 764 938 403 30.1 229 285 432 402 56 908 617 744 217 90 613 84 655 678 51.8 575
Cylinder3D [8]  68.9 \' 476 971 676 638 508 585 737 692 48 922 65 77 323 90.7 665 856 725 698 624 662
AF2S3[15] 69.7 - 945 654 868 392 41.1 80.7 804 743 913 688 725 535 879 632 702 685 537 615 71
SPVNAS [17] 67 Fusion(L)VP 692 972 50.6 504 56.6 58 674 671 503 902 676 754 218 916 669 861 734 71 643 673
RPVNet [11] 70.3 Fusion(L)VPR 336 976 684 687 442 611 759 744 434 934 703 80.7 333 935 721 865 751 717 648 614
UniSeg [35] 75.2 Fusion(LC)VPRI - 979 719 752 636 741 789 748 60.6 926 74 795 461 934 727 875 763 731 683 685
PVKD [36] 71.2 KD(L)V 4.76 97 679 693 535 602 751 735 505 91.8 709 775 41 924 694 865 738 719 649 658
2DPASS [25] 729 KD(LC)VI 1433 97 636 634 611 615 779 813 741 89.7 674 747 40 935 729 862 739 71 65 704
Qurs 735 KD(LC)VIR 198 973 709 703 589 678 80.1 811 669 912 691 773 341 921 692 865 752 719 658 70.7

4.4. Ablation Studies

The main factors that determine the baseline’s performance are the voxel size and the
network scale. Different fusion methods and distillation pathways significantly influence
the auxiliary branch, which then indirectly impacts the main branch’s performance. The
segmentation accuracy and the computational cost also vary, depending on the combination
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of views or modalities used. Additionally, to further validate the APolarMix, a comparison
with PolarMix is necessary.

Table 2. Class-wise mloU and Frequency-weighted (FW) IoU of Our Method and Other Methods on
the nuScenes Leaderboard.

2
S & =
< Z s} Y Y
~ = - =] =1
~ 3z = F 9 8§ 5 R g S
g S = R E g 2 § . CO - By £ =
< g E K g e 2 g & & &8 « ¢ 5 : € £ 3
B S oz S E B 8 x E & T ¥ ® 5 €& £ - E 8§ ¢
& E K = s & 2 B 3 = a = B B < s % 2 & >
PolarNet [12] 694 874 722 168 77 865 511 69.7 648 541 69.7 635 966 671 777 721 871 845
Cylinder3D [8] 77.2 89.9 \% 828 298 843 894 63 793 772 734 846 691 977 702 803 755 904 87.6
AF2S3[15] 783 885 789 522 899 842 774 743 773 72 839 738 971 665 775 74 877 868
PMEF [37] 77 89 KD(LC)RI 82 40 81 88 64 79 80 76 81 67 97 68 78 74 90 88
AMVNet [38] 773 90.1 Fusion(L)RB 80.6 32 817 889 67.1 843 761 735 849 673 975 674 794 755 915 887
JS3C-Net [16] 73.6 88.1 Fusion(L)PV 80.1 262 878 845 552 726 713 663 768 712 968 645 769 741 875 86.1
SPVCNN [17] 774 89.7 80 30 919 908 647 79 756 709 81 746 974 692 80 761 893 87.1
UniSeg [35] 83.5 - Fusion(L)PVRI 859 712 921 916 805 88 809 76 863 767 977 718 80.7 767 913 888
2DPASS [25] 80.8 90.1 KD(LC)VI 81.7 553 92 918 733 865 785 725 847 755 976 691 799 755 902 88
Ours 81.7 914 KD(LC)VIR 832 449 951 924 705 888 815 784 873 776 979 687 811 767 929 898

4.4.1. Comparisons of Different View-Modality Combinations and Voxel Sizes

As demonstrated in Table 3, both the segmentation accuracy and the inference time
decline as the voxel size increases. For the VIR mode, the mIoU scores for different
voxel sizes are 69.91 (considered as 100.0%), 69.85 (99.7%), and 68.92 (98.4%), while the
corresponding inference times are 310 s (considered as 100%), 205 s (66.1%), and 132 s
(42.6%). Compared to the slight drop in segmentation accuracy, the significant boost in the
inference speed is clear. This paper chooses a voxel size of 0.05 to balance segmentation
accuracy with real-time performance.

Table 3. Inference Times and mloU Scores for Various View-Modality Combinations and Voxel Sizes.

PR (%) Voxel Size (m) V/M Infer Time (s) mloU (%)

0.025 VIR 69.91

0.025 VI 68.65

0.025 VR 310 69.02

0.025 \Y% 65.54

0.05 VIR 69.85

0.05 VI 68.52

100 0.05 VR 205 68.93
0.05 \Y% 65.32

0.1 VIR 68.92

0.1 VI 68.33

0.1 VR 132 68.42

0.1 \Y% 65.16

4.4.2. Comparisons of Different View-Modality Combinations and Parameter Ratios (PRs)

The dimensions of each layer of the main branch encoder are 16, 32, 64, and 128.
Consequently, this paper compares the network’s performance with larger dimensions,
as shown in Table 4. When the number of parameters is doubled, the mloU of the VIR
mode reaches 69.85 at 100% PR (considered 100%), and at 200% PR, the mIoU reaches
69.98 (100.18%). However, the inference time increases from 205 s (considered as 100%) to
321 5 (156.59%). Therefore, this work selects a smaller set of parameters to enhance system
real-time performance without a significant loss in accuracy.
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Table 4. Inference Times and mlIoU Scores for Various View-Modality Combinations and Parame-

ter Ratios.

Voxel Size (m) PR (%) V/M Infer Time (s) mloU (%)

VIR 69.85

VI 68.52

100 VR 205 68.93

A% 65.32

0.05 VIR 69.98

VI 68.78

200 VR 321 69.22

Vv 66.43

4.4.3. Comparisons of Different Fusion Methods in the Auxiliary Branch

Unlike the traditional method of assigning dedicated encoders to individual input
data streams, the auxiliary branch uses a single encoder (SE) to extract multi-receptive-
field features from the second-stage gated fusion. To compare these two paradigms, we
conducted experiments and present the results in Figure 7. ‘ME’ (multiple encoder) refers
to independently assigning encoders for voxel, image, and range. ‘GATED’, “ADD’, and
‘CAT’ (concatenate) represent different feature fusion methods. Compared to “"ME GATED’,
the ‘SE GATED' reduces parameters by 52.7%, the GPU memory usage by 2.5 GB, the mIoU
by 0.08, and the training time by 21.31 h. Additionally, compared to ‘"ME ADD’ and ‘ME
CAT’, the 'ME GATED’ mode achieves the highest mloU, with parameters increasing by
0.1 M and decreasing by 0.3 M, memory usage increasing by 0.4 GB and decreasing by
2.2 GB, and training time increasing by 3.25 h and 0.33 h, respectively.

24.8
Param(M) i; !
474
13.8
Mem(GB) 1156 ;
18.5
69.85
mloU(%) ggzg
69.91
51.35
Train time(h) 69 4172'66
72.33
0 10 20 30 40 50 60 70 80
VIR SE GATED VIR ME GATED VIR ME ADD VIR ME CAT

Figure 7. Comparison between single and multiple encoders.

Furthermore, Table 5 shows the changes in the number of parameters, training time,
and GPU memory usage across different combinations. Compared to the voxel view,
adding another modality or view leads to an apparent increase in both parameters and
memory usage. This is mainly due to the extra auxiliary branch. However, when fusing
more modalities or views, the number of parameters, GPU memory usage, and train-
ing time remain mostly unchanged. This indicates that the proposed network architec-
ture can fuse more views or modalities without significantly raising computational and
memory costs.
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Table 5. Number of Parameters, Training Time, and Memory Usage for Different VIR Combinations.

V/M Param (M) Epoch Train Time (min) GPU Mem (GB)
\Y% 2.1 23.9 2.1
V+1 249 38.2 13.9
V+R 25 48.6 21.6
V +1IR 24.8 38.5 13.8

4.4.4. Comparisons of Different Distillation Methods

The fused features of the third-level GF are distilled into the two branches, and then
the auxiliary branch distills the enhanced features into the main branch. In Table 6, the
results indicate that distilling fused features into two branches improves segmentation
accuracy compared to only distilling features from the auxiliary branch to the main branch.
Furthermore, the first and third rows of the table show that distilling fused features to the
auxiliary branch can indirectly improve the performance of the main branch.

Table 6. mIoU Scores of Different KD Paths.

KD Pattern
V/M o ; : o mloU (%)
auxiliary -> main fuse -> main fuse -> auxiliary
\4 / / / 65.32
v 68.76
v 69.44
VIR v Vv 68.92
Vv Vv 69.54
Vv V4 Vv 69.85

4.4.5. Evaluation of APolarMix

Table 7 shows a comparison between the original PolarMix and the APolarMix. The
latter incorporates several enhancements, including ground point selection, the instance
object addition based on weight and distance, elevation/azimuth corrections (E/A cor.),
and occlusion point cloud removal based on point cloud wall. The data presented in
the table clearly illustrates that these improvements significantly enhance segmentation
accuracy. Additionally, we evaluated the average processing time of APolarMix on the
SemanticKITTI dataset, with results shown in the “Added Time” column of Table 7. The
original PolarMix increases the data loader’s processing time by 0.015 s. Inserting instance
objects into the point cloud scene incurs an additional time cost of 0.003 x IN x CN,
where IN is the number of inserted instances, and CN is the number of categories. Finally,
introducing point-cloud walls to remove occluded points adds 0.02 s to the processing time.

Table 7. Impact of Different Improvement Methods in APolarMix.

Data Augmentation Method

V/M . + + + + +  mloU(%) Added Time
PolarMix groundpoint weight distance E/A cor. wall

69.36 /
y 69.6 +0.015
v v 69.67
VIR \\f y y y Oy 7e +0.003 x IN x CN
N Y v, y J 69.79
YV v v V Vv Vv 69.85 +0.02
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4.5. Qualitative Results

In Figure 8, we compare segmentation errors. The leftmost column shows the ground
truth of point clouds, with different colors indicating various semantic objects. The remain-
ing images display inference results of the original point clouds and those enhanced by
PolarMix and APolarMix.

In Figure 9, we illustrate the segmentation accuracy of the different modality /view
combinations and the baseline enhanced by PolarMix/APolarMix at different distances. At
close range, APolarMix provides a greater improvement because nearby objects more easily
block the point cloud behind them; meanwhile, it is more sensitive to changes in elevation
and azimuth angles than distant objects. The VR curve outperforms the VI curve primarily
due to the small CVP number of the only forward-facing image in the SemanticKITTI
dataset. As a result, the VR curve gets closer to the VIR curve at distances beyond 30 m.

GroundTruth al Pomt Cloud Data +PolarMix

Omotoo truc OO veho ped O b.list Om Ilsto road
O walk OO gro O fenc O veg O trun O sign

Figure 8. Qualitative results of PolarMix and APolarMix on the SemanticKITTI. The first column
shows the semantic ground truth, while the other columns display the segmentation results, with red
points indicating incorrect segmentations.

% V(PolarMix) - V(APolarMix) --VI --VR == VIR
0.85

0.80
0.75

0.70

mloU%

0.65

0.60

0.55

0.50
5 10 15 20 25 30 35 40 45 50
Distance to LiDAR (m)

Figure 9. mloU-distance extended experiment on the SemanticKITTI validation set at different distances.
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4.6. Ground-Constraint-Based Real-Time Mapping

The custom dataset inherently has indeterminacy in orientation because the device’s
pose is unstable and varies with human movement, causing distortions in the constructed
maps. Therefore, real-time pose calibration is essential based on ground constraints. The
first step is extracting ground points. Figure 10 shows the visualization results of different
ground segmentation methods and ours. And Figure 11 shows the quantitative results:
our method achieves the highest precision, recall, accuracy, F1 score, and mloU. The error
metric measures the relative pitch angle error percentage between the calibrated and the
uncalibrated sensor data. In Figure 11, the angle error for our methods is the smallest.
Although our method requires more computational time, it remains below the LiDAR
sampling interval (100 ms), thus meeting real-time requirements. Figure 12 shows the
results of maps and trajectories in (a) and (b), the orange result is conducted by LIO-
Livox. The red and the blue results are generated by introducing TRAVEL-based pose
calibration and our network-based pose calibration. The green points and trajectory are the
ground truth.

linefit Patchwork++ ) TRAVEL

O Ground

O Non
Ground

Figure 10. Visualization results of real-time point cloud ground segmentation methods.

120

[ DipG_Seg 100

O linefit 80

Patchwork++ 60

40

[ TRAVEL 20
[ Ours 0 I_'I_i M= nm l

P % R % A% F1 & mloU % error % time(ms)

@DipG _Seg 61.14 69.01 70.25 64.84 47.97 16.72 11.00
Olinefit 77.63 33.98 69.87 47.27 63.05 7.85 17.00
Patchwork++ 72.86 73.72 78.64 73.29 57.84 13.65 23.00
OTRAVEL 771 91.5 85.82 83.69 66.64 6.82 15.00
mOurs 99.51 98.29 98.61 98.9 97.82 2.39 51.00

Figure 11. Quantitative results of accuracy of real-time point cloud ground segmentation methods
and error of Z-axis vector.
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(a) Point Cloud Maps

0’ S+
-20
0

LIOLiovx
——— LIOLiovx(linefit)
——— LIOLiovx(ours)

—100r

/1200

1000
/0/800

(b) Trajectories

Figure 12. Visualization results of handheld 3D scanning sensor mapping with different pose
calibration methods.

5. Conclusions

This paper proposes a real-time and highly accurate semantic segmentation method
through mutual-attention-based three-step GM fusion to obtain compact features and
two-branch distilling them for multi-branch collaborative enhancement. These designs
endows the network with powerful scalability. Compared to other KD-based high real-
time LiDAR semantic segmentation methods, our method further improves accuracy and
achieves better mIoU scores on the SemanticKITTI and nuScenes benchmarks. Finally, our
APolarMix data augmentation algorithm further improves the segmentation accuracy by
generating more realistic point clouds. To further improve accuracy, we plan to explore
the use of spatiotemporal information to increase the number of common points within
auxiliary branches in future work.

6. Discussion

The massive data volume of LiIDAR point clouds slows down processing steps such as
point cloud processing, segmentation, and mapping. As shown in Table A4, data volume
has the greatest impact on mapping speed. Some studies explore how to compress point
clouds to reduce data volume. Ref. [39] systematically summarizes common methods
for compressing intra-frame and inter-frame point clouds, including but not limited to
image-based and octree-based approaches. Although these methods can effectively reduce
the size of point cloud data, the errors introduced by decoding compressed point clouds
can significantly impact downstream tasks. The octree-based LPCC (LiDAR point cloud
compression) method may introduce distortion by merging adjacent points into a single
point. In contrast, autoencoder-based methods train encoders and decoders by minimizing
reconstruction error, with the decoder essentially predicting the point coordinates. In-
accurate predictions lead to erroneous point representations. Semantically-based LPCC
methods can remove points of certain categories from the original point cloud, eliminating
unnecessary points before transmission and storage to reduce data size.
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Semantic segmentation tasks can serve as both a critical component for point cloud
compression and a downstream task. Ref. [40] employs semantic segmentation to separate
scene point clouds from object point clouds and then applies distinct compression methods
to different types of point clouds. Here, the accuracy of semantic segmentation directly
affects the quality of point-cloud compression. Therefore, when deploying such methods
in online systems, both segmentation real-time performance and accuracy are important.
As one of the downstream tasks in point cloud compression, achieving faster semantic
segmentation also relies on reducing data volume and employing more compact feature
representations. Consequently, efficient point cloud compression and high-speed semantic
segmentation are typically interdependent. Simultaneously achieving efficient compression
and semantic segmentation of point clouds represents a key research direction for future
downstream tasks.

Additionally, in SLAM systems, LiDAR point-cloud compression may adversely affect
localization and mapping performance. For instance, points originating from movable
objects can compromise localization accuracy and may be incorrectly displayed in static
maps. During inter-frame compression, certain keypoints that are discarded or incorrectly
predicted may cause errors in the SLAM system’s inter-frame matching. This leads to pose
errors and map distortion. Ensuring map consistency becomes particularly challenging for
adjacent frames exhibiting significant differences.

To circumvent the potential degradation in segmentation accuracy caused by point
cloud compression, this paper employs multi-modal and multi-view fusion distillation
improves the segmentation accuracy of the main branch. Simultaneously, this lightweight
network that significantly reduces end-to-end latency, ensuring that the semantic segmen-
tation network does not become a bottleneck for the system’s real-time performance.
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Appendix A
Appendix A.1

To facilitate easier reproduction of the network results, we list the key parameters of
the network in Figure AT.
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Training Parameters

Appendix A.2

We present the gated fusion formula in Equation (A1), where F; is input feature and i
indicate the indicates which one of the L input features this feature refers to. F is the fused
output features. o denotes the sigmoid function.

tion formula.

VOXEL SIZE:0.05

AUGMENT: APolarMix
TTA: 12
ACC Frame: 5

DATA

MODEL +4—

OPTIM 4

Figure Al. Training parameters.

IN_FEATURE_DIM: 4
NUM_LAYER: [2, 3, 4, 6]
layers: [16, 32, 64, 128]
DROPOUT P: 0.3
LABEL_SMOOTHING: 0.1

IN_FEATURE_DIM: 3
IMAGE -[
LAYER: [32, 64, 128, 256]

IN_FEATURE_DIM: 5
RANGE *E LAYER: [32, 64, 128, 256]
RANGE_SIZE: [64, 2048]
BATCH_SIZE: 6
NUM_EPOCHS: 36
OPTIMIZER: sgd
LR: 0.16
WEIGHT_DECAY: 0.0001

MOMENTUM: 0.9
GRAD_NORM CLIP: 10

SCHEDULER: linear warmup_with_cosdecay

L L
F= Zsplit[softmax(zU(MLP(FI-)))]i - F; (A1)

M¢(F) = o(MLP(avgPool (F))+MLP(maxPool(F)))

The channel/spatial attention weight formulas are shown in Equations (A2) and (A3),
where WyeR(€/2)/C and W, €RC/(€/2) are MLP weights, C is features dimension. f7*7
represents a convolution operation with the filter size of 7 x 7. Cat is concatenate operation.
Mc (F) and Mg (F) are channel attention map and spatial attention map.

(A2)

= (W1 (Wy(avgPool (F))) + Wy (Wy(maxPool (F))))

1

M;(F) = o(f”*7 (Cat[AvgPool (F), maxPool (F)])) (A3)

Equations (A4) and (A5) show sigmoid activation and relu activation, the relu acti-
vation is used in encoders and feature transformation. Equation (A6) shows normaliza-

Sigmoid(x) = o(x) = Trexp(—x) (A4)
ReLU(x) = (x)" = max(0, x) (A5)

_ x—E[x]
y= Var[x]+e*7+ﬁ (A6)
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Appendix A.3

Tables A1-A3 show shapes the network structures. Figure A2 shows the tensor shape.

Table A1l. The network structure of inter-branch. The arrow indicates the direction of feature distillation.

A_Feature Input (N, 64)

M_Feature Input (N, 64)

Transformation Layer:
Linear (128, 64)/ReLU

Transformation Layer:
Linear (128, 64)/ReLU

GF

MLP Weighting:
Linear (64, 128) @
Linear (64, 64)/Sigmoid @
ReLU (D x @)
Inverse Transformation Layer: Classifier: Inverse Transformation Layer:
Linear (64, 64)/ReLU Linear (20, 64) Linear 64 x 64/ReLU
ADD/Classifier: +— KL_DIV KL_DIV — ADD/Classifier:
Linear (20, 64) Linear (20, 64)

KL_DIV —»

Table A2. The network structure of GF.

Transformation Feature A (N, 128)

Transformation Feature M (N, 128)

Linear (128, 128)/BN/ReLU
Linear (256, 128)

Linear (128, 128)/BN/ReLU
Linear (256, 128)

ADD (N, 256)
Split/Sigmoid Split/Sigmoid
(N, 128) (N, 128)
mul (N, 128) mul (N, 128)
add (N, 128)
Table A3. The network structure of Sparse Downsample Conv Block.
Downsample
SPConv (Cin, Cout, K=2,5 =2)/BN/ReLU
Residual Residual
SPConv (Cout, Cout, K = 3)/BN/ReL.U nn.Identity()
SPConv (Cout, Cout, K = 3)
ADD/BN/ReLU
Residual Residual
SPConv (Cout, Cout, K = 3)/BN/ReLU nn.Identity()
SPConv (Cout, Cout, K = 3)
ADD/BN/ReLU
Next Layer UpSample
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Sensors
BatchSize=2

N Image F= CF
[2,3,320,640] [2,64,320,640] [2,64,1,1]
L L Range F=
[2,5,64,2048] [2,64,64,2048] 64

[2,128,64,2048]

-—>

SA
[2,1,320,640]

Encoder

Upsample
GF 64, 320, 640]
[2,64,320,640] 64, 320, 640]
64, 320, 640]
64, 320, 640]

Encoder Upsample

N*[16,32,64,128] N*[16,32,64,128]

MVCMG-Net

Sample

Sample

Each Scale
E

Upsample
[2, 64, 320, 640]

[
I
[

o

ncoder

0D 6op o0

Output
N*C

Figure A2. The main structure of network and tensor shape of each stage.
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Appendix A.4

We collected 20,000 frames of data through our equipment and measured the end-
to-end latency. We recorded the time difference between sensor data publication and
calibration completion, the time difference between calibrated data publication and se-
mantic segmentation completion (including voxelization and inference time), and the time
difference between semantic label publication and per-frame mapping completion. The
results are shown in Table A4. Power measurements comprise two components: sensor
power and computer power. Sensors’ power is measured using a Bluetooth-enabled Type-C
power meter at a sampling rate of 2 Hz. Similarly, computer power was measured using
a Bluetooth-enabled DC power meter at a sampling rate of 1 Hz. All the data represent
the average values obtained from multiple long sampling periods. The average computer
power consumption was 179 W, while the sensor’s average power consumption was 8.1 W.
According to Table A4, the mapping task accounts for most of the end-to-end latency, with
the lowest frame rate at 13.97 Hz. However, the data collection, calibration, segmentation,
and mapping tasks in this article are carried out in parallel in a pipeline manner; therefore,
the power per frame is 13.39 W.

Table A4. End-to-end latency test.

Stage Mean Time Consumption (ms) Mean FPS  End-to-End Latency (ms) STD P95 P99

calib 25.048 39.92334717

voxelization 16.3
inference 413 1736111111 154.218 2444 1833 187.3

mapping 71.57 13.97233478
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