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Abstract

Purpose — With the upgrading of three-dimensional (3D) sensing devices, the amount of point cloud data
collected has also increased exponentially. However, most of the existing methods also have unbalanced
optimizations in memory consumption and semantic segmentation efficiency. This research addresses the need
for a more balanced approach in processing large-scale point cloud data efficiently.
Design/methodology/approach — This research used a network framework (DSF-Net) based on dual-path deep
and shallow networks and designed a point cloud space pyramid pooling module based on hole convolution. The
3D point cloud data are trained separately by integrating the deep branch and shallow branch networks. Besides,
a deep and shallow fusion module fuses the deep and shallow feature relationships and outputs several loss
functions for convergence training.

Findings — It is found that DSF-Net solves the problem of segmentation efficiency, achieves a balanced effect
while ensuring the ability of a large range of point cloud input and reduces the memory consumption.
Originality/value — The deep network can extract high-level semantic information, while the shallow neural
network has fewer neural network layers and faster inference speed. Meanwhile, random sampling and point-
atrous spatial pyramid pool modules are used, respectively, for deep and shallow networks to capture multi-scale
local context information in point cloud.

Keywords Point cloud, Semantic segmentation, Atrous convolution, Pyramid pooling, Feature fusion
Paper type Research paper

1. Introduction
Point cloud is the predominant form of three-dimensional (3D) data and can be used for
semantic segmentation. Semantic segmentation techniques applied to two-dimensional (2D)
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JIMSE images are relatively mature, but there are still some challenges and bottlenecks in the
6,2 semantic segmentation of 3D point clouds. In recent years, the semantic segmentation of 3D
point clouds has been deeply studied, and the number of data sets used for indoor scanning by
radar equipment has gradually increased (Gao et al., 2022; Jhaldiyal and Chaudhary, 2023;
Shuai et al., 2021). However, once the amount of data increases, the efficiency of semantic
segmentation decreases significantly. Besides, the lack of present 3D point cloud datasets for
large scenes leads to limitations in the study of semantic segmentation of point clouds in large
scenes. Large-scale point clouds refer to datasets composed of millions or even billions of
3D-coordinated points that can accurately express the geometric shapes, textures and
environmental features of objects in space. They are typically derived from laser scanning,
photogrammetry or sensor data. As the scale of the scene increases, the volume of point cloud
data grows explosively, and the diversity and complexity of the scene increase the challenges
associated with point cloud data. When processing point cloud data, issues such as noise,
holes, occlusions and data loss are encountered.

Nowadays, work on semantic segmentation of point clouds is beginning to deal directly
with large-scale point clouds, and these methods follow the whole-to-local principle of
reducing the impact of the amount of data on the efficiency of segmentation from the point
cloud sampling point of view. Recently, RandL.A-Net used random sampling (Hu et al., 2020),
which reduced memory usage and improved segmentation efficiency, but the original point
cloud information may be lost, and these networks are trained on localized point clouds and
could not be directly applied to large-field point clouds (Chen et al., 2022; Croitoru et al.,
2023). Besides, DLA-Net proposed a neighborhood search algorithm and a local feature
extraction module and completed the downsampling of the point cloud with a random sampling
method (Su et al., 2022); multi-scale attentive aggregation (MSAA) proposed to assign the
attention weights of different learning channels on the basis of local features, improved the
splicing of contextual information and spliced the weights of high-level features with low-level
features after compression (Geng et al., 2021). Although these methods reduce the memory
usage and improve the computational efficiency, they have the problem of losing the structure
of the original point cloud.

To address the aforementioned issues, a new framework is proposed that enables end-to-end
training and segmentation of point clouds. First, the point clouds are first input as separate data
sources into both the deep and shallow network architectures. The deep network receives point
cloud data from random sampling, extracting contextual information, and the use of random
sampling in the deep structure helps reduce memory consumption. In the same time, the shallow
network receives point cloud data from the feature pyramid pooling layer, responsible for
extracting spatial information, and utilizes a lightweight structure as a training network to
balance the number of parameters. Finally, a fusion module is employed to combine the global
and local refined features of the point clouds. In summary, our main contributions are as follows:
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(1) A new framework is proposed that integrates deep learning of deep networks and
shallow networks for semantic segmentation of large field data. Random sampling is
used to reduce the memory usage during training. The deep network can extract high-
level semantic information, while the shallow neural network has fewer neural
network layers and a faster inference speed.

(2) According to the different responsibilities of deep and shallow networks, a random
sampling and point-atrous spatial pyramid pool module is designed, respectively, for deep
and shallow networks to capture multi-scale local context information in point cloud.

(3) Based on the above two aspects, a feature fusion module is introduced to construct a
dual-path deep and shallow network for point cloud semantic segmentation. The
experimental results on the S3DIS dataset and the SensatUrban dataset show that deep
and shallow feature (DSF)-net has excellent performance. In addition, the
effectiveness of DSF-net modules is validated by ablation experiments.
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2.1 Voxel-based segmentation Intelligent
The super-voxels method first performs super-voxel segmentation of the point cloud and then Manufacturing
performs feature extraction and classification for each super-voxels (Li et al., 2018). However, and Special
the results of super-voxel segmentation depend on the choice of hyperparameters, so Equipment

hyperparameter tuning is required to achieve the best performance in different datasets and
applications. The sparse voxel-based attention (SVA) method converts the point cloud data into
a sparse set of voxels and uses a self-attention mechanism to capture the relationship between
each voxel to improve the accuracy of semantic segmentation (Zhao et al., 2022). By inputting
data sampled at different voxel resolutions simultaneously into the network, PVCFormer
improves the segmentation of small-scale features while broadening the receptive field (Zhang
et al., 2024). However, the information may be lost, which will affect the final semantic
segmentation prediction. In general, point clouds lose too much information after voxelization.
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2.2 Multi-view images-based segmentation

To convert 3D point cloud to 2D image for semantic segmentation, existing 2D segmentation
algorithms can be used to reduce algorithm complexity (Lyu et al., 2020). The multi-view-
based point cloud converts the point cloud into a set of fixed number of images and uses
convolutional neural network to process these images, which can better capture the geometric
structure and semantic information in the point cloud (Hamdi et al., 2021). The geometry-based
multi-projection fusion module achieves the geometric feature alignment between range-view
(RV) and bird-eye-view (BEV) and fuses the features of the two views at both feature level and
output level (Xu et al., 2023). However, processing point cloud data may result in lost or
inaccurate information. In summary, some geometric information may be lost when 3D point
cloud data are converted to 2D image, so the accuracy of the algorithm may be affected.

2.3 Raw point cloud-based segmentation

The method of permutation invariance uses a max pooling operation in the feature extractor to
summarize local features of each point into global features to deal with the disorder in point
cloud (Liu et al., 2019, Qi et al., 2017a, b). Point-Bert can effectively learn semantic
information and local structure in point cloud data by modeling mask points of point cloud data
(Yu et al., 2022). LACV-Net seamlessly fuses local features from multiple resolution
representations to capture global contextual features, generating a global descriptor vector
(Zeng et al., 2024). However, it requires a lot of pre-training data and computational resources.
In summary, point cloud data have many advantages and disadvantages, which need to be
processed and analyzed with suitable algorithms and methods to achieve more accurate and
reliable segmentation.

3. Method

In order to further balance the segmentation accuracy and efficiency of semantic segmentation
under large-field attraction clouds, a bilateral architecture is designed, integrating deep and
shallow networks, and used deep branch layers (D) and shallow branch layers (S), respectively,
for semantic segmentation of point clouds, as shown in Figure 1. Firstly, the input irregular
point cloud data is upgraded dimensional through the multi-Layer perceptron and used as the
original input of the deep branch layer and the shallow branch layer, respectively.

Among them, the deep branch layer is composed of a relatively deep neural network, which
can extract high-level semantic information. It selects a random sampling method to
downsample the raw point cloud, which reduces the memory usage in the training process of
the neural network. Since deep branch layer neural network has been trained for shallow
branch layer, while ensuring the training efficiency, the module with small memory
consumption and few training parameters for point cloud feature sampling. The point cloud
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Figure 1. DSF-Net network model. (Source: Authors’ own creation)

data processed by ascending dimension are input into the point-atrous spatial pyramid pooling
(PASPP) module, and the processed point cloud is input into the shallow branch layer. Since
the shallow branch layer has fewer neural network layers and faster inference speed, the input
of this layer does not need downsampling operation. In order to better fuse this branch’s
features with the detailed shallow branch, an auxiliary segmentation head, a super-resolution
head and a structure distillation loss are introduced to provide deep supervision. Three features
are extracted from these two branches for feature fusion through DSF module.

3.1 Point-atrous spatial pyramid pooling (PASPP)

In the relevant research of ASPP, the problem of input sharing of different scale features can be
solved by adding an ASPP layer after the convolution layer (Guo et al., 2003). This method not
only improves the feature sampling efficiency of the point cloud but also increases the
receptive field of the network with less operational complexity. In order to improve the local
feature loss and poor model generalization ability caused by MaxPooling operation in
Pointnet++ (Charles Ruizhongtai Qi et al., 2017a, b), PASPP is proposed applied in 3D space
based on ASPP structure in 2D space.

Different from the common pooling convolution module, ASPP introduces the parameter
rate = x to represent the hyperparameter of the parameter interval in the convolution kernel.
For pooling convolution kernel of different scales, the corresponding parameter intervals are
also different. The PASPP module further uses multiple parallel 3D sampling layers with
different sampling rates to explicitly capture multi-scale local context information in the point
cloud and further process the features extracted at different sampling rates, as shown in
Figure 2. The PASPP can be represented as follows:

F(fl7f2a .. fn) = h’(fhk(sl?xl)’ cee 7p(ﬁl7k(sn7xn)))} (1)

Where f,, represents the high-dimensional feature information constructed through the MLP
layer, p represents the MaxPooling operation, s, represents the pooling window size and x,,
represents the empty convolution step rate of the corresponding pooling window. Output F is
the feature information extracted by the pyramid module.

3.2 Deep and shallow relation-aware feature fusion

3.2.1 Local location coding module. To fuse local feature information extracted from deep and
shallow networks, k-nearest neighbor algorithm is used to generate a local neighborhood for
location coding (Hu et al., 2020). The specific process is as follows: for a given input with N
point clouds, the 3D position information can be recorded as
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Figure 2. Point-atrous spatial pyramid pooling. (Source: Authors’ own creation)

N = {N; ... N;}€R? where any point N; satisfies the neighborhood {N ... NX}&N, the
positional encoding can be represented as follows:

Ct = {(N— V) @ [N — N} @

Where @ is a join operation, and the || - || calculates the Euclidean distance between the adjacent
point and the center point. Because the deep and shallow layer network is used to train the point
cloud directly, other information such as red, green and blue (RGB) is filtered in the network.
Therefore, in order to add positional coding features, 3D coordinates are used for k-nearest
neighborhood search, and inputs positional features into the fusion model as parameters.

3.2.2 Relation-aware feature fusion. Aiming at the fusion of different feature dimensions of
high-level semantic information in deep branches and detailed spatial information in shallow
branches, the corresponding deep and shallow relation-aware feature fusion module (RAF) is
introduced, as shown in Figure 3. Besides, the subtracter is selected as the relation function,
and the location coding is added to the original feature and the relation function feature,
respectively. The feature of deep and shallow layer network is set as fi*,f*seR% f*,eR? (d is
the feature channel), which represents the feature from shallow layer and deep layer network,
respectively. The specific steps for feature fusion of deep and shallow layer network are as
follows:

(1) Calculate the channeled attention parameter G:

G = n(alf) — A() + &) ®

Where f; represents input point cloud information, « and # a G = re MLP with a linear layer.
The mapping function # is an MLP that contains two linear layers with ReLU activation. In
addition, the two linear layers convert the feature to a higher dimension and back to the original
dimension. Secondly, the relation matrix RER ;4 between G; and G, is defined by the inner
product of each group:

R=G,G} 4)
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Figure 3. Deep and shallow relation-aware feature fusion (RAF). (Source: Authors’ own creation)

(2) Calculate the modulation coefficient M:

M = o(G + pfc(Flatten(R))) @)

Where ¢ is the sigmoid function and y is the MLP with a linear layer.

(3) Calculate the characteristic factor coefficient Q:

Q=y(ff) +c 6)

The feature factor is calculated as the sum of the parameters of the location feature and the
point cloud feature, and the parameter can be used as the dot multiplier factor of the element
vector of the fusion feature.

(4) Calculate RAF parameter Fjygion:

Ffusion = MS'QS + Upsample(Md'QS) (7)

Where Upsample indicates that the point cloud with low resolution is upsampled.

3.3 Loss function
3.3.1 Segmentation loss. The standard cross-entropy loss is used for the final segmentation
results (Lsgg) and the auxiliary segmentation head after the deep branch (Laux).
1

L(p) = (1 = pY log(p) ®)
Where N is the total number of classifications and y on the (1-p,) parameter is the sample point
weighing the sample weight, which is defined as the attenuation coefficient of the class. Where
D is precision, the higher the precision, the smaller the loss value.

3.3.2 Super-resolution loss. Since the resolution of the point cloud through random
sampling in the deep network is greatly reduced, in order to extract the segmentation loss
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L= HFO_FrecHg (9)
3.3.3 Overall loss. The overall loss L is a weighted combination of all above losses, which 149

helps guide the model’s learning and optimization more effectively:
L = Lz + A Lavx + Lsg + 3Lsp (10)

Where A; A5 ,A3 can help achieve a balance, ensuring that the model does not favor any specific
task, thereby improving overall generalization capability.

4. Experiments

In this section, the S3DIS dataset (Armeni et al., 2017) and Sensaturban (Hu et al., 2022) are
used to evaluate the performance of our proposed DSF-Netr for 3D semantic segmentation.
This study reports the results of a comparison with current state-of-the-art methods, conducts
ablation study and analyzes the effects of the proposed modules.

4.1 Experimental setup

(1) Training detail: The hardware environment of the experiment was Intel i7 12700K
CPU and 112 GB memory. All experiments have conducted on NVIDIA RTX 3090
GPU. The initial learning rate was set to 0.01 and decreased by 5% after each epoch.

(2) Dataset: The S3DIS dataset is a collection of 3D point cloud data from 271 rooms in six
regions, including 13 categories such as tables, chairs and ceilings. The SensatUrban
(Hu et al., 2022) dataset contains 13 semantic classes, including major categories such
as ground, buildings, transport roads and some minor categories such as bicycles,
railways and Bridges.

(3) Metrics: Referring to PointNet++ (Zhao et al., 2022), RandLA-Net (Hu et al., 2020)
and other methods, the evaluation indexes used in each experiment are mean
intersection and merger ratio (MIOU), mean class accuracy (mAcc) and overall point-
by-point accuracy (OA) to measure the model segmentation effect of DSF-Net.

4.2 Results
Table 1 respectively tests the total time consumption, point cloud input and memory
consumption in semantic segmentation. By comparing the experimental data results of

Table 1. Performance comparison experiments on S3DIS

Total time GPU memory
Methods mloU (seconds) (MB)
PointNet++ (Liu et al., 2019) 57.75 45,466 4,392
SPG (Zhao et al., 2022) 60.3 56,433 1,093
PointCNN (Que et al., 2021) 56.45 86,544 10,932
RandLA-Net (Hu et al., 2020) 51.57 19,326 1,563
DSF-Net(ours) 62.1 21,854 1,242

Note(s): SPG: super point graph
Source(s): Authors’ own creation
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JIMSE different methods in the table, it can be observed that DSF-Net solves the problem of
6,2 segmentation efficiency, achieves a balanced effect while ensuring the ability of a large range
of point cloud input and reduces the memory consumption.

As shown in Table 2, the experimental results of our method and other comparsion models
on the SensatUrban dataset for quantitative evaluation.

Table 2 shows that the DSF-Net framework achieved the best mIoU and mAcc among all
methods, where mAcc is 1.11% higher than RandLA-Net and mloU is 0.47% higher.
According to the experiments in Table 1, it can be seen that the total time consumed by DSF-
Net is slightly slower than that of RandLA-Net, but its efficiency is significantly better than
other single-layer network structures. Compared with the existing models, the proposed model
can achieve excellent results in most categories, mAcc and mloU, and overall performance. To
visualize the segmentation results, the semantic segmentation results for three different
scenarios in SensatUrban are visualized and compared them with the results from PointNet and
RandLA-Net. The visualization results are shown in Figure 4.
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4.3 Ablation study

In order to verify the validity of each component in DSF-Net, an ablative study is conducted
and tested it on the S3DIS dataset. It can be observed from Table 3 that for deep branch layer,
when 1/4 scale point cloud is used as input, the segmentation accuracy is low and the
segmentation efficiency is good. When the full-scale point cloud is used as input, the
segmentation accuracy is higher, but the efficiency is lower. On the contrary, the experimental
results of shallow branch layer are opposite to those of deep branch layer. For the baseline
network combining deep and shallow branches, it achieves a good balance in segmentation
efficiency and segmentation accuracy. At the 1/4 scale, the baseline network is twice as
efficient as the deep branch layer. Besides, at full scale, the baseline network also achieves
65.15% accuracy compared to the shallow branch layer. Therefore, the network can get the
best result between accuracy and efficiency.

To assess the effectiveness of the RAF module, a controlled variable approach uses a
standard adder to replace the RAF module for experimental comparison. The experiments
optimize the overall loss function presented in Section 3.4. As shown in Table 4, the RAF
module achieves a satisfactory balance between accuracy and efficiency. In comparison with
the standard adder, the RAF module demonstrates superior accuracy. Additionally, the RAF
module requires less memory than the adder and exhibits faster inference speed in the
experiments. Therefore, this module suits the separate fusion of feature vectors from both the
deep and shallow branches.

5. Conclusion

In this paper, a point cloud semantic segmentation method based on DSF-Net is presented, and
Deep training branch and shallow training branch are designed, respectively. Deep sampling is
performed by random sampling method, and PASPP, based on void convolution, is used as
input to enhance spatial details. Considering the relationship information between the
integrated branches, a new feature fusion module RAF is introduced. The method in this paper
improves the efficiency of semantic segmentation in large scenarios and achieves the best
performance on two public datasets. The DSF-Net framework obtained the best mIoU and
mAcc among all methods in the SensatUrban dataset, with mAcc 1.11% higher and mIoU
0.47% higher than RandLA-Net.
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Table 2. SensatUrban dataset experiment

OA mloU mAcc  (IoU %)class

Method (%) (%) (%) Ground  Veg- Building  Wall Bridge Parking Rail Traffic ~ Street Car Footpath  Bike  Water
PointNet 80.78 2275 2371  67.96 89.52  80.05 0 0 3.95 0 31.55 0 3514 0 0 0
PointNet++ 84.3 3506 3292 7246 94.24 84.77 2.82 2.09 25.79 0 31.54 1142 3884 7.12 0 56.93
SegCloud 8527 3729 3729  69.93 94.55 88.87 32.83 12.58 15.77 1548 30.63 2296 56.42 0.54 0 44.24
SPG 88.66 40.93 42,66  74.10 97.9 94.2 63.3 7.5 24.2 0 30.10 34 74.4 0 0 54.8
RandL A-Net 90.2 56.43 5758 87.1 9891 95.33 74.4 28.69  41.38 0 5599 5443 85.67 50.39 0 71.30
DSF-Net(ours) 89.78 56.9 58.69  89.11 98.07 96.58 88.40 50.45 61.62 0 66.67 53.23 86.14 39.63 0 71.31
Note(s): SPG: super point graph
Source(s): Authors’ own creation
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Figure 4. SensatUrban dataset visualization results. (Source: Authors’ own creation)

Table 3. DSF-Net ablation study

D S Full scale 1/4 scale mloU Time(s)
v 32.05 444,300
v v v 66.26 543,468

v v 46.15 112,354

v Vv 56.15 436,542
Vv Vv Vv 59.05 239,080
v v v 65.15 346,752

Source(s): Authors’ own creation

Table 4. RAF ablation study

mloU Total time

ADD RAF (%) (Seconds)
v 4526 45,832
v 62.15 23,548

Source(s): Authors’ own creation
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