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Traditional methods of weakly supervised semantic segmentation (WSsegmentation) for point cloud
scenes have several limitations including limited precision and difficulty in handling complex scenes
due to imprecise labels or partial annotations. To address these issues, we perform view-based
adversarial training on the original point cloud scene samples through view resampling and Gaussian
noise perturbation to reduce overfitting. Combining a self-attention mechanism with multi-layer
perceptrons and point cloud segmentation strategy, we can perform dimensionality enhancement
and dimensionality reduction operations to better capture the local features of point cloud data.
Finally, we can obtain the semantic segmentation results of point cloud scene by fusing local and
global semantic features. In the design of the network loss function, we combine the Siamese
loss and the smoothness loss and the cross-entropy loss to improve the ability and fidelity of
semantic networks. Specifically, the Siamese loss is used to compute the distance between different
augmented point cloud data in their feature embedding space and the smoothness loss is used to
penalize the discontinuity of semantic information between adjacent regions. The proposed weakly
supervised segmentation network achieves an overall segmentation accuracy close to fully supervised
segmentation methods and outperforms most of the existing weakly supervised segmentation methods
by 5% to 10% in scene segmentation in terms of mloU on S3DIS, ShapeNet, and PartNet datasets.
Extensive experiments demonstrate the robustness, effectiveness, and generalization of the proposed
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point cloud segmentation network.
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1. Introduction

Point cloud semantic segmentation is a cornerstone problem
in computer graphics and 3D vision. Scene point cloud data
has been widely used due to its advantages such as conve-
nient 3d scanning [1] and effective representation of complex
scenes [2]. Most of fully supervised point cloud semantic seg-
mentation methods usually require daunting task of supervised
semantic labeling during scene understanding and neural net-
work training. The scene label information can effectively guide
the segmentation and understanding of point cloud scenes in
supervised learning. However, for large-scale indoor scene data
with usually millions of discrete sampling points, accurately an-
notating semantic labels for different objects or parts in the point
cloud scene is a highly challenging task and the labor-intensive
work. Therefore, it is promising to consider weakly supervised
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learning strategies that can effectively learn scene segmentation
networks with a limited amount of annotation information in
the point cloud scene. Unlike traditional point cloud semantic
segmentation strategies based on supervised learning, weakly
supervised methods only use 1% to 10% of label information.
By utilizing a small amount of semantic labeling information,
the WSsegmentation strategy can automatically explore semantic
features and labels of point cloud data, thus achieving efficient
scene semantic segmentation and greatly reducing data anno-
tation costs. The techniques of weakly supervised segmentation
have already been used in autonomous driving and indoor navi-
gation tasks [2]. Therefore, the weakly supervised segmentation
has been a highly promising research area that has attracted
significant attention.

Despite the development of WSsegmentation methods, they
still cannot achieve comparable level of accuracy and effective-
ness as fully supervised methods due to limitations such as in-
sufficient data annotation. Especially in practical applications, a
trade-off needs to be made between data annotation costs and
model performance. Furthermore, the WSsegmentation strategies
have certain limitations in dealing with complex point cloud
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scenes. For instance, in scenarios where the scene contains oc-
clusions, overlaps, or reflections, weakly supervised models may
produce incorrect segmentation results. Moreover, when dealing
with partially occluded or missing data, inaccurate segmenta-
tion results may occur on accurately segmenting the boundaries
between objects of different shapes, different shape scales, and
different semantic categories in the scene. To overcome these
limitations, this paper proposes a WSsegmentation network that
simultaneously introduces Gaussian noise perturbation and view
resampling to enhance point cloud data via effectively augment-
ing point cloud data information, thereby helping to improve
the robustness and generalization of the segmentation network.
Specifically, the combination of self-attention modules and mul-
tilayer perceptrons is used in the network to strengthen the
extraction of local features of point cloud and improves the se-
mantic segmentation accuracy of local structures of point cloud
in the scene. In addition, this paper uses the Siamese loss and
the smoothness loss to compute the distance between different
augmented point clouds in their feature embedding space and
penalize the color discontinuity between adjacent point cloud
segmentation regions. We also use the cross-entropy loss as part
of the final loss between a small amount of point cloud data
labels and ground truth to improve the accuracy of point cloud
segmentation in the complex scenes.

The main technical contributions of this work can be summa-
rized as follows:

e We propose effective data augmentation methods, including
view resampling and adversarial training, to tackle partial
annotations;

e To fully integrate the global and local features of point
cloud, we employ high-dimensional feature self-attention
mechanism and multi-layer perceptron structure to fuse
multi-level features, and leverage residual connections to
effectively reduce the gradient vanishing issue during neural
network training;

e We present a novel point cloud segmentation framework,
which can achieve the higher segmentation accuracy than
traditional segmentation networks for different point cloud
scenes.

2. Related works

In this section, we introduce relevant works on point cloud
data augmentation and weakly supervised point cloud segmen-
tation.

2.1. Data augmentation for weakly supervised learning of point
cloud

Point cloud data augmentation in weakly supervised learning
usually includes random rotation, model scaling, and color jitter-
ing [3]. These augmentation techniques effectively improve the
generalization ability of neural network training. Kim et al. [4]
used locally weighted transformations to produce non-rigid de-
formations with a kernel density-based estimation method that
applies the weights being inversely proportional to the distance
between sample points and the target point. Based on an ad-
versarial training strategy, Li et al. [5] used Gaussian noise and
masking techniques to automatically generate augmented point
cloud. This method filters Gaussian noise using randomly gener-
ated binary masks to enhance features and reduce noise effects.
However, these methods mainly focus on discrete point cloud
and cannot simulate the effects of different viewpoint changes as
well as different point cloud noises that may exist in point cloud
data acquisition in real applications, which is difficult for neural
networks to achieve ideal semantic segmentation results during
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training. In this paper, the point cloud semantic segmentation
network introduces view resampling and Gaussian noise pertur-
bation simultaneously to augment point cloud data and generate
diverse point cloud samples for training segmentation networks.

2.2. Point cloud semantic segmentation and weakly supervised
learning

Semantic segmentation strategies based on neural networks
have shown great advantages in semantic segmentation tasks [6—
8]. Some existing works convert point clouds into regular grid
data based on views or volumetric representations [9]. Hou et al.
[10] jointly learn image features and three-dimensional geo-
metric features using a segmentation network to achieve three-
dimensional instance segmentation. However, methods based on
multi-view image data representation have certain limitations
due to object occlusion and complex data input in the scene,
and voxel representation is greatly restricted due to its high
storage consumption. Nan et al. [11] propose a search-based
classification and segmentation method for scene modeling with
the assistance of pre-trained object categories. Li et al. [12]
propose an object retrieval approach to replace scanned 3D data
with objects from shape database and recover the scene based
on them. The method proposed by Mattausch et al. [13] detects
repeated objects in the scene by detecting scan data in multiple
rooms. Wu et al. [14] propose a consistency training frame-
work, which generates pseudo-labels by randomly perturbing
and rotating unlabeled point cloud, and applies these pseudo-
labels to the training of weakly supervised models to improve
the robustness and generalization ability of the model. Owing
to the definition of neighborhood co-occurrence matrix (NCM)
for point cloud data, Gong et al. [7] proposed a method for
generating target NCM and prediction NCM from semantic labels,
which can help to indoor scene segmentation. Zhao et al. [8]
proposed a segmentation network LG-Net to efficiently learn
the local dual features and global correlations for large-scale
point clouds. The attention mechanism and transformer structure
can also be employed for improving the performance of point
cloud semantic segmentation [15,16]. Hu et al. [17] proposed a
WSsegmentation method which is suitable to large-scale discrete
point cloud data by training a point cloud classifier to achieve
effective semantic segmentation. The WSsegmentation network
proposed in this paper fully utilizes data augmentation strate-
gies to improve the generalization and robustness of weakly
supervised segmentation.

3. Proposed point cloud weakly supervised segmentation net-
work

3.1. Overview

In this paper, we propose a WSsegmentation network based
on data augmentation and self-attention mechanism. The overall
pipeline of the proposed network is illustrated in Fig. 2, which
first performs view-based adversarial training via data augmen-
tation on the original point cloud data by view resampling and
Gaussian noise perturbation, and then uses a point cloud feature
extraction module composed of self-attention model and multi-
layer perceptron to respectively extract and aggregate features
of the augmented point cloud data, and finally obtains the point
cloud segmentation results through max pooling layer and multi-
layer perceptron dimensionality reduction. Meanwhile, a joint
loss functions are introduced into the network to improve the
accuracy of point cloud semantic segmentation.
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Fig. 1. Data augmentation result (b) for the input office point cloud scene (a).

3.2. View-based adversarial training

In order to effectively improve the effectiveness and accuracy
of point cloud scene semantic segmentation, the size of the scene
dataset is usually an important factor in training neural network
models. However, the limited amount of real scene point cloud
data greatly affects the generalization ability of neural network
models, so it is necessary to effectively augment the point cloud
scene data [3]. Scene point cloud data augmentation can be
achieved by performing a series of transformations on the orig-
inal point cloud scene, such as rotation [4] or adding Gaussian
noise [5] to generate new scene point cloud data and expand
the scene point cloud dataset, ultimately increasing the number
of sample data required for model training. In the point cloud
data augmentation process, performing both viewpoint transfor-
mation and adding Gaussian noise can complement each other
and provide augmented data for adversarial training. Specifically,
we first perform viewpoint transformation on the original point
cloud and then employ data augmentation by adding Gaussian
noise to ensure that the noise can exist in one point cloud scene
with different views, thereby increasing the data diversity for
effective network training.

3.2.1. View resampling

To increase the diversity of point cloud data and improve
the model's generalization ability, view resampling is applied
to scene point cloud data based on different viewing directions
or observation angles to generate point cloud data from differ-
ent perspectives. View resampling helps segmentation models
better recognize and distinguish different objects in the scene,
and increases the number of samples of scene point cloud data,
thereby increasing the amount of sample data for model training.
Specifically, a training sample X is first given, and then a random
transformation R is applied to it, which includes trigonometric
functions and several variables that follow specific distributions
such as:

cosf —sinfd O (2a—1)c 2b—1)(1—¢c) O
R=|sinf cos6 O (2a—1)(1—-1c) (2b—1)c 0
0 0 1 0 0 1

(1)

Here, ® follows a uniform distribution U(0, 27r), while a, b,
and c follow a Bernoulli distribution B(1, 0.5). The first trans-
formation matrix controls the degree of rotation of the original
point cloud data, and the second transformation matrix controls
the amplitude of the coordinate transformation of the point cloud
mirroring with the original point cloud data. By multiplying the
original point cloud data X by the transpose of the point cloud
rotation matrix R, the augmented point cloud data sample X =
XR' is obtained. The data enhancement results are shown in
Fig. 1.
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3.2.2. Gaussian perturbation

For the task of WSsegmentation, the insufficient sample size of
scene point cloud data and high labeling costs often result in in-
sufficient training sample data during the neural network training
process, leading to model overfitting. The trained network model
usually performs well on the training data, but not on the testing
data. To alleviate this problem, this paper considers adding Gaus-
sian noise to point cloud as data augmentation after scene point
cloud data rotation transformation to further enhance the diver-
sity of scene sample data. Adding Gaussian noise to scene point
cloud data can improve the robustness of the trained network
model to data noise, increase the diversity of scene data sets, and
effectively improve the model’s generalization performance.

3.3. Feature extraction and aggregation based on self-attention
mechanism

Recently, neural network models typically use self-attention
mechanisms and multilayer perceptrons for feature extraction
[18]. As an effective form of point cloud data feature repre-
sentation, the self-attention mechanism is able to focus on the
feature information of different position-sampled points in the
scene point cloud, and simultaneously learn the local intrinsic
relationships between each sampled point and other sampled
points in the point cloud data, thus further capturing the global
context information in the scene point cloud data. As a form of
non-linear transformation, the multilayer perceptron is able to
map point cloud data features to a higher dimensional feature
space, which helps to obtain an effective representation of high-
dimensional features. By stacking multilayer perceptrons, the
neural network is able to progressively extract more abstract
point cloud high-level feature information, thereby enhancing the
model’s representation ability. This paper effectively combines
the self-attention mechanism and multilayer perceptrons to bet-
ter capture the global and local features of scene point cloud data,
thus improving the accuracy and robustness of scene point cloud
semantic segmentation.

Compared to convolutional methods, the self-attention mod-
ule has stronger capabilities in extracting local features and global
structures of point cloud, making it better suited for understand-
ing different types of point cloud scenes. In the fusion process
of local and global features of point cloud, this article concate-
nates point cloud information of different scales in the channel
dimension, and inputs it into a neural network for semantic
segmentation.

During the training process of a neural network, problems
such as exploding or vanishing gradients may arise, making the
model difficult to train. As shown in Fig. 3, this article’s network
architecture uses residual links to allow gradients to be propa-
gated before skipping layers, allowing for effective fusion of input
and output features and making the network model easy to train
and accelerate convergence. For scene point cloud data, after two
rounds of residual links and feature extraction and aggregation
using self-attention models, using a multilayer perceptron for
dimensionality expansion and fusion operations can obtain an N *
2048 dimensional point cloud feature matrix. Finally, through the
max pooling layer and multilayer perceptron dimensionality re-
duction processing, k point cloud label probabilities represented
in logarithmic form are obtained.

4. Loss function

To design of the loss function for the weakly supervised seg-
mentation, we introduce a joint loss to train the proposed point
cloud segmentation network.
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Fig. 2. The pipeline of the proposed WSsegmentation network. Given an input point cloud with partial annotations, our network outputs semantic segmentation
results using adversarial training and self-attention based feature extraction and fusion. The detailed structure of feature extraction and aggregation module is given

in Fig. 3.
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Fig. 3. Feature extraction and aggregation module. Three linear transformations are applied to each feature vector of the sampled points to obtain query, key, and
value feature vectors, respectively. The similarity is normalized using softmax to obtain a weight distribution for each sampled point with respect to other sampled
points. The weighted average of the value feature vector is computed based on the weight distribution resulting in an aggregated feature vector for each sampled

point.
4.1. Siamese loss

The purpose of introducing the Siamese loss is to make the
segmentation network model invariant to rotation, translation,
and scaling transformations of the point cloud data, thereby im-
proving the generalization performance of the segmentation net-
work model.

Specifically, the Siamese loss is computed as follows: for input
point cloud data pairs P; {(x}.yl,z), i = 1,2,...,N} and
P, = {(x},y?,2%), i = 1,2,...,N}, with feature vectors repre-
sented as f(P;) and f(P,), respectively, the distance or similarity
between the two feature vectors can be calculated using methods
such as Euclidean distance or cosine distance. A commonly used
method is to use the following Euclidean distance calculation:

dist = |If(Py) — f(P2)|1? (2)

Here it is necessary to convert the distance between feature vec-
tors into similarity. This can generally be achieved by using the
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softmax function g(-). Specifically, g(f(P;)) and g(f(P,)) represent
the probability sizes of the label prediction for the sampling
points by the weight-sharing feature extraction and aggregation
module. In this article, the Siamese loss [19] is measured using
Euclidean distance as follows:
1

Lsiamese = 52— ij lg(F(P}) — gF(P))IIF 3)
where B represents the logarithm of the input point cloud scene
for each batch when calculating the loss, and each point cloud
scene is composed of N discrete sample points. The feature di-
mension of each sample point is K, b represents the index of the
point cloud data, and F represents the vector norm.

4.2. Smoothing loss

Smoothing loss is a type of smoothness-constrained loss func-
tion that is typically used to penalize the prediction differences



Y. Miao, G. Ren, ]. Wang et al.

between adjacent points in a point cloud. In point cloud semantic
segmentation, the smoothing loss compares the label prediction
values of each sample point with those of its neighboring sam-
ple points, and calculates the prediction error between the two
sampling points, thereby improving the segmentation accuracy
of neural network models.

To construct the manifold graph of the point cloud scene, the
pairwise distance matrix P. = (P) € R¥*N (where Pi = |IPf —
ij |I2) is first calculated for the coordinate information channel or
color information channel c. Then, by searching for the k nearest
neighboring sample points N(p) for each sample point, the k-NN
graph can be constructed, and the corresponding weight matrix
W€ e RN*N is written as:

we — exp(—P;/n), p; € N(pi)
y 0, otherwise

, L,je{l,---N}. (4)

If both the coordinate information in the xyz channel and the
color information in the rgb channel are available, this article uses
the sum of two weight matrices to generate a more reliable point
cloud scene manifold graph, i.e., w§ = wi* +w*’. This is because
using only the coordinate information in the xyz channel can
lead to the neglect of color information, thus reducing the seg-
mentation accuracy of objects with similar shapes but different
colors. On the other hand, using only the color information in the
rgb channel may result in distant samples of different categories
being misclassified as the same label. Here, we introduce the
following smoothness loss function for network training:

_ 1 c N : 2
Lanoarn = e Z;w, I FX) = FCX) 115

Specifically, w; represents the similarity of labels between sam-
pling points. When wj; is larger, the predicted values between
different sampling points are closer. f(X;) and f(X;) represent the
predicted values between adjacent sampling points.

(5)

4.3. Cross-entropy loss

The purpose of introducing cross-entropy loss is to optimize
and update the parameters of the point cloud segmentation
model, and improve the performance of the segmentation net-
work. The calculation of the cross-entropy loss is as follows:

N K
1
Laross = = > yijlog(pi)

i=1 j=1

(6)

where N represents the number of sampling points, K represents
the number of labels, y; represents the probability of the ith
sampling point’s true label j, and p;, j represents the probability
of the ith sampling point’s predicted label j. By minimizing this
loss function, the predicted labels can be made closer to the true
labels, thereby improving the accuracy of point cloud seman-
tic segmentation. For the existing methods of WSsegmentation,
training data only provides label information for few sampling
points. Label propagation is used to transmit label information
to unknown points and improve the generalization ability of the
experimental model. Specifically, in this paper, the network uses
a distance-weighted method to attach a distance-related weight
to each sampling point, and obtains the label of an unknown
sampling point through distance-weighted averaging using the
label information of surrounding known sampling points. These
labels are considered pseudo-labels, and in each training process,
the neural network updates the probability of each point based
on the pseudo-labels, and corrects the pseudo-labels based on the
updated probabilities. Through iterative training, more accurate
label results are obtained.
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4.4. Overall loss and network training algorithm

The final loss function is defined as follows,

L= (XLsiamese + ﬂLsmooth + VLcross (7)

the weight of the loss function can be initially estimated by
referring to the data training quantity of different loss functions.

Due to the limited number of labeled points, the cross-entropy
loss function only trains and optimizes about 20% of the sampled
points in the experiment. Therefore, the initial value of y is set
to 0.2 in this experiment. Meanwhile, since the smoothness loss
function and the Siamese loss function have the same amount of
training data, their initial values are both set to 0.4. An error value
of 0.1 is set for the coefficients of the three loss functions, so that
the network in this paper can explore the most accurate segmen-
tation results under different coefficients through training. The
specific training process is shown in Algorithm 1. To effectively
train the point cloud segmentation network in this paper, the
Lsigmese 10ss is used to train the segmentation network for 100
epochs in the experiment. Then, the total loss Ly is used for
additional 100 epochs of training. Otherwise, an additional 100
epochs of training on the total loss function are conducted. In
addition, the weights of the loss function are determined to be
a=05,8=03.

Algorithm 1: Training algorithm for our network
Input: point cloud X € R¥*®, labels y € ZV, «=0.4, f=0.4,
y=0.2.
1 Sample ¢ ~ U(0, 27r) and a, b, ¢ ~ B(1, 0.5);
2 Generate augmented sample X; = XR;T and
X1 =X1 +o1xén,
3 Generate augmented sample X, = XR, and
X2 =Xo + 03 % &3
4 for epoch = 1 to n do
5 L 0 = 60 — aVisamese(X1, X2);
6 Get the optimal solution: « =0.5; 8 =0.3; y=0.2;
7 for epoch =1 to n do
8 Generate Graph using K-NN;
9 | Construct Laplacian L;
10 6=6— avmel:

5. Experimental results and discussion

All the experiments have been implemented on the Ubuntu
16.04 system. The hardware environment of the program includes
an Intel Core i9-10900K CPU of 3.70 GHz, 500 GB memory, and an
NVIDIA GTX 1080 GPU. The software development platform used
is Python 3.6 and PyTorch 1.6.

5.1. Dataset and preprocessing

The S3DIS dataset [20] consists of point cloud scene data from
6 different indoor areas, containing over 400 million sampled
points. The training set and test set are divided according to
different types of areas. Specifically, the first 5 areas in the dataset
are usually used for training, while another area (Area 5) is used
for testing. This partitioning method ensures that the test set and
training set are independent of each other, and also provides a
more challenging testing environment.

ShapeNet dataset [21] collects 16 common object categories,
each with 16,881 shapes. In the ShapeNet dataset experiments,
70% of the scene point cloud data for each category is usually
allocated to the training set, and the remaining 30% of the scene
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Fig. 4. The semantic segmentation results in different cloud scenes.

point cloud data is used as the test set. PartNet dataset [22] con-
sists of 24 unique shape categories with a total of 26,671 shapes,
such as furniture, cars, animals, tools, electronics, buildings. In
this dataset, 80% of the models are selected for the training set,
and the remaining 20% models are used for testing.

During training process, we use view-based adversarial train-
ing to augment the training data with adversarial examples via
view-resampling and Gaussian noise perturbation.

5.2. Segmentation results of our proposed network

Using different labeling strategies, the neural network is eval-
uated on the ShapeNet dataset [21] for segmentation perfor-
mance. Table 1 presents the comparison results of different la-
beling strategies on the ShapeNet dataset for point cloud segmen-
tation, where the labeling strategy is described by x% (Sampling
percentage is abbreviated as #S) representing the percentage of
experimental points in the total sampling points of the point
cloud model, each sample has y% of labeled points (abbreviated as
#P), and satisfies the fixed label constraint of x x y = K, making
the total number of labeled sampling points constant, where K =
1000 in the experiments. Five different strategy combinations
are evaluated, and the class-average accuracy (mloU:CatAvg) and
sample-average accuracy (mloU:SampAvg) of point cloud seg-
mentation under different strategies are given. We observe that
the scene segmentation accuracy (mloU) will continue to improve
as x% increases from 10% to 100% under fixed label constraints,
labeling more samples extensively with fewer labeled points per
sample usually results in more accurate segmentation perfor-
mance for neural networks compared to labeling more points on
fewer samples.

To verify the impact of labeled sampling point ratios on the
segmentation results, the network training samples were fixed
at 100%, and the effect of different labeling strategies on var-
ious datasets with regard to the percentage of labeled sample
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Table 1
Comparison of different labeling strategies on ShapeNet [21] point cloud
segmentation.

Label strategy mloU: Cat mloU: Samp
#S = 10%, #P = 100% 70.69 77.32
#S = 20%, #P = 50% 72.3 79.25
#S = 50%, #P = 20% 75.12 79.45
#S = 80%, #P = 12.5% 76.32 80.69
#S = 100%, #P = 10% 77.42 81.19

points are given in Table 2. As the percentage of labeled sample
points in the ShapeNet34 dataset [21] decreased from 100% to
10%, the accuracy of point cloud segmentation, mloU, decreased
from 83.32% to 77.42%, a decrease of 5.90%. Similarly, for the
PartNet16 dataset [22] and S3DIS dataset [20], the segmentation
accuracy, mloU, decreased by 12.77% and 1.80%, respectively. The
experimental results demonstrate that the proposed segmenta-
tion network has less dependence on the number of labeled
points.

Fig. 4 shows the semantic segmentation results of different
indoor point cloud scenes in Area 5 of the S3DIS dataset [20].
It can be seen that the segmentation of different scenes in this
dataset is challenging, for example, the window and ceiling frame
in the first row of the conference room scene, the bookshelf and
cabinet in the second row of the office scene, the blackboard and
window frame in the third row of the office scene, the door frame
in the fourth row of the corridor scene, and the table, blackboard,
and door in the fifth row of the office scene. The lack of sufficient
coordinate and color feature information for these structures will
result in a decrease in the prediction accuracy of the segmenta-
tion network. Nevertheless, the neural network proposed in this
article still achieves accurate segmentation results in most indoor
point cloud scenes, such as chairs, walls, ceilings, floors, windows,
and sofas.
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Table 2
Results of different labeling strategies on mloU of segmentation accuracy of
different data sets with 100% sampling.

Label strategy mloU (%)
ShapeNet [21] PartNet [22] S3DIS [20]
#P = 100% 83.32 67.66 49.12
#P = 50% 78.11 59.51 48.55
#P = 10% 77.42 54.89 47.32

5.3. Comparison of different segmentation methods

To compare the segmentation performance of our presented
network with other methods, as shown in Table 3, we selected 9
different segmentation methods (such as PointNet++ [23], DGCNN
[24], SegCloud [6], PointCNN [25], k-means [26], MT [27], Xu
et al. [28], IT Model [29] and MulPro [30]) to compare their
segmentation results on the point cloud scenes in Area 5 of S3DIS
dataset [20]. The average intersection-over-union (mloU) of scene
segmentation was used as the performance indicator, and the
segmentation performance of each method on 12 different object
categories was compared.

It can be seen from Table 3 that our proposed segmentation
network has higher segmentation accuracy compared with tradi-
tional weakly supervised MT method [27], Xu et al. method [28],
IT Model method [29], and unsupervised k-means method [27].
The performance of our segmentation method is close to that of
fully supervised methods (such as DGCNN network [24], SegCloud
network [6]), and weakly supervised MulPro network [30].

Specifically, our network achieves accurate segmentation on
seven categories such as ceiling, wall, window, floor, chair, table,
and sofa, with segmentation accuracies of 89.98%, 75.80%, 50.10%,
98.20%, 68.90%, 72.10%, and 53.10%, respectively. For the training
time of the segmentation network, we trained our network on
204 point cloud scenes in Area 5 of the S3DIS dataset [20],
with a total of 195 million points. The traditional PointNet++
network [23] and DGCNN network [24] took 5 h and 13 h to train,
respectively, while our network only took 4.5 h, demonstrating
its high efficiency. Experimental results show that our network
generally has higher segmentation accuracy than other existing
networks in the tasks of WSsegmentation.

Fig. 5 shows the comparison of segmentation results on indoor
point cloud scenes in Area 5 of the S3DIS dataset [20] using Point-
Net++ network [23], MT method [28], and our proposed network.
It can be observed that the fully supervised segmentation method,
PointNet++ network [23], has more accurate segmentation results
than the weakly supervised scheme. For example, it performs
better than the weakly supervised MT method [27] in segmenting
scene boundaries, blackboards, and desktop clutter (shown in
yellow ellipses of Fig. 5). The proposed method is between the
fully supervised PointNet++ network [23] and the weakly super-
vised MT method [27] in terms of segmentation results for room
doors and windows, scene boundaries, and desktop objects, and
is closer to the fully supervised method.

5.4. Ablation experiment

In order to verify the effectiveness of the data augmentation
strategy, residual connection module, Siamese loss, smoothness
loss and cross-entropy loss proposed in this paper on point cloud
scene segmentation, ablation experiments were conducted on the
S3DIS dataset [20] and ShapeNet dataset [21]. Table 4 shows the
segmentation accuracy (mloU) of point cloud semantic segmen-
tation under different component selections. It can be seen that
the Siamese loss has a significant improvement on the semantic
segmentation results of both S3DIS dataset [20] and ShapeNet
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dataset [21]. As the feature extraction and aggregation module
based on weight sharing is the backbone module of our proposed
network, its corresponding Siamese loss will effectively optimize
the parameters of the point cloud feature extraction module in
the entire segmentation network. At the same time, the effec-
tiveness improvement of smoothness loss and cross-entropy loss
on the entire segmentation network is relatively weak, because
the smoothness constraint has limited improvement on the ro-
bustness of semantic segmentation, and the label propagation
and cross-entropy loss function only compute a small number
of sampled points, resulting in their low weight. In addition,
the residual connection module can help solve the problem of
gradient disappearance during neural network training, and also
improve the accuracy and stability of the segmentation network,
which is effective in neural networks with multiple layers. Finally,
the data augmentation strategy (such as different perspective
transformations and adding noise) can enhance the generalization
and robustness of the entire segmentation network, and improve
its segmentation performance indicators.

6. Conclusions

This paper proposes a WSsegmentation network based on
data augmentation and self-attention mechanism for scene point
clouds. The network enhances the input scene point cloud data
by performing data augmentation such as perspective transfor-
mation and adding Gaussian noise. The backbone network com-
bines a multilayer perceptron with a self-attention mechanism
to extract and aggregate data features of scene point clouds,
which simultaneously combines global and local features of point
clouds. Three different loss functions are introduced to optimize
the network parameters during segmentation network training.
Extensive experiments illustrate that the proposed segmentation
network achieves good segmentation results on different point
cloud datasets.

In the future, we will focus on the other strategies for enhanc-
ing point cloud data through adversarial training. Furthermore,
we can investigate the semantic segmentation scheme for sparse
large-scale outdoor point cloud scenes.
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Table 3

Comparison of mloU evaluation by different methods on S3DIS dataset [20].
Segmentation method  Supervision mode  mloU  Ceiling  Floor  Wall Column  Window  Door Chair  Table  Sofa Board  Clutter
PointNet++ [23] Total supervision 57.20 91.10 96.10 68.80 14.10 25.60 4430 6480 7060 46.90 30.90 39.10
DGCNN [24] Total supervision 54.27 92.70 97.45 74.60 12.90 48.20 2350 6520 67.20 4420 3430 40.30
SegCloud [6] Total supervision 52.98 90.01 96.03 69.75 17.96 39.21 23.10 7569 70.26  40.79 12.62 41.33
PointCNN [25] Total supervision 60.73 92.33 98.35 79.39 15.96 22.10 63.01 81.02 74.66 31.56 63.01 56.29
k-means [26] Unsupervised 37.45 60.00 63.20 3470 2430 34.00 2940 3390 3290 4490 4130 30.80
MT [27] Weak supervision 5244 91.60 96.80 74.60 10.60 46.30 1790 6720 7060 5030 30.20 42.30
Xu et al. [28] Weak supervision ~ 52.60  90.90 97.30 7480 8.40 49.30 2730 69.00 7170 5320 2330 42.80
IT Model [29] Weak supervision 4954 87.80 9589 70.70 4.23 40.73 1846  65.73 6490 4460 25.88 40.32
MulPro [30] Weak supervision 55.64 89.70 96.90 75.50 14.00 45.70 40.70 68.50 66.80 4940 34.40 41.20
Ours Weak supervision  53.03  89.98 98.20 75.80 8.60 50.10 2740 6890 72,10 53.10 2340 43.10

(b)

Fig. 5. Comparison of semantic segmentation results for four office scenes (a)-(d). The yellow ellipses highlight the semantic segmentation results via different
methods. The first row gives the input point cloud scenes; the second row shows the ground truth of semantic labels for different point cloud scenes; the third
row and the fourth row are the semantic segmentation results via PointNet++ network [23] and MT method [28] respectively; and the fifth row shows the semantic
segmentation results via our proposed method.
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Table 4
Ablative experiment of different components of segmentation network.
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Different components

Our network

Viewpoint Gaussian Residual Siamese Smooth Cross-entropy S3DIS dataset [20] ShapeNet dataset [21]

transformation noise link loss loss loss

X X X X X X 40.16 73.23

X X X X X N 40.55 7353

x X X X N v 41.37 74.01

X X x Vv 4 V4 43,97 74.76

x x J v J J 4427 75.10

x J J J J W 4453 75.51

V4 W V4 WV W J 47.32 77.42
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