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Abstract: The task of weakly supervised point cloud semantic segmentation has received widespread attention and

also has been widely used in autonomous driving, robotics, and modern industries. Due to the high dimensionality

and large volume of point cloud data, many technical difficulties appeal to weakly supervised semantic processing,

especially segmentation. However, weakly-supervised schemes usually provide only partial labelling information

of the underlying point cloud data and thus need to effectively extract local features, geometric information,

and contextual relationships only using these limited labelled data for supervised learning. To improve weakly-

supervised semantic segmentation, we propose a novel segmentation network through the boundary-based feature

aggregation based on a K-NN algorithm with down-sampling operation, and also introduce the smoothness loss

and Siamese loss for effective segmentation. The experiments on public datasets demonstrate that our presented

segmentation method exceeds most of the existing fully supervised and weakly-supervised methods in terms of

mIoU. Specifically, our network has high segmentation accuracy on the labels of objects with similar geometrical

structures, such as ceiling, wall, floor, chair and table, reaching 91.2%, 98.8%, 83.3%, 75.3% and 80.2%, respectively.

Extensive experiments also illustrate its robustness, effectiveness, and generalization of the proposed weakly

supervised segmentation network.

Keywords: point cloud; semantic segmentation; weakly supervised learning; boundary feature aggregation; data

augmentation

1. Introduction

Weakly supervised semantic segmentation of point cloud scenes is a significant area of research
within the fields of computer graphics and 3D computer vision. This is primarily due to the time-
intensive and laborious properties of annotating point clouds. Existing methodologies for point cloud
semantic segmentation in traditional contexts often encounter challenges when processing scene
boundaries across diverse semantic categories [1–3]. A particularly demanding aspect involves the
segmentation of scene boundaries, which requires distinguishing different semantic labels by sampling
point features based on approximate color and geometric information. This process is crucial for the
accurate segmentation of various objects within indoor point cloud scenes.

Given the expansive nature of large-scale scene datasets, segmentation approaches increasingly
rely on weakly-supervised learning strategies [4,5]. These strategies are essential for efficiently seg-
menting extensive point cloud data and identifying diverse object labels within complex scenes,
particularly when semantic annotation information is limited. Although current weakly supervised
methods for point cloud semantic segmentation yield effective results in scene segmentation, they
often struggle to accurately segment regions near scene boundaries. For the applications such as
autonomous driving, the precise detection of objects and road edges is imperative for safety and
efficiency [6,7]. However, current 3D segmentation methodologies often tend to ignore the feature
extraction of scene boundaries. This aspect is of critical importance in these applications, as it directly
impacts the system’s ability to accurately interpret and navigate its surroundings.

Furthermore, the manual labeling of extensive point cloud data is not only time-consuming but
also incurs significant costs. Weakly supervised methods offer a viable solution by reducing the depen-
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dency of neural networks on the quantity of point cloud labels. This reduction in label requirements
subsequently lowers both the cost and complexity of point cloud segmentation, facilitating its practical
application and wider adoption.

Addressing the aforementioned challenges, this paper presents a novel approach involving a
boundary-based sampling, feature extraction, and aggregation module. This module is seamlessly
integrated into a weakly-supervised network for point cloud semantic segmentation, with a special
emphasis on enhancing boundary segmentation. This innovation significantly elevates the overall seg-
mentation precision of point clouds and robustly fortifies boundary segmentation capabilities. Beyond
point sampling and data augmentation at boundaries, our methodology further incorporates Gaus-
sian noise data augmentation and rotation sensitivity enhancement. These strategic augmentations
remarkably strengthen the model’s robustness and accuracy across a spectrum of scenarios.

The main technical contributions of this work are summarized as follows:

• An innovative module specifically tailored for efficient boundary sampling method is proposed,
which leverages a K-NN algorithm combined with multiscale downsampling operations, signifi-
cantly enhancing the precision of boundary delineation and facilitating improved aggregation of
scene boundary features.

• An advanced feature extraction and aggregation method is incorporated into the weakly-supervised
point cloud segmentation network. This method is based on linear self-attention modules, which
is characterized by fewer parameters and rapid inference speeds and improves the segmentation
quality.

• We have also conducted a comprehensive study on data augmentation for weakly annotated
point clouds. This study includes the application of Gaussian noise data augmentation and the
enhancement of rotation sensitivity. These strategic augmentations significantly contribute to
the robustness and adaptability of the model, ensuring its effective performance under diverse
application scenarios.

2. Related Work

Weakly supervised learning strategies have emerged as an effective solution to address the
challenges of limited labeling information and to reduce the associated costs of labeling. This approach
has gained considerable attention in the realm of point cloud scene understanding [4,8,9]. In this paper,
we present a comprehensive review of the related work focusing on point cloud data enhancement
and semantic segmentation, particularly emphasizing developments in weakly supervised learning.

2.1. Data Augmentation of Point Cloud

In the context of weakly supervised learning, point cloud data enhancement typically encompasses
techniques such as random rotation, model scaling, and color dithering [10]. These enhancements
significantly improve the generalization capabilities of neural network training. For instance, random
rotation involves the 3D rotation of point cloud data, with random selection of the axis and rotation.
This process generates varied model perspectives and poses, enhancing the model’s ability to identify
and classify targets and increase network robustness to poses changing. Model scaling, on the other
hand, entails the 3D scaling of point cloud data. By randomly varying the scaling factor, the model
gains robustness to changes in target sizes. Color dithering involves transformations in the color
attributes of point cloud data, including adjustments in luminance, contrast, and saturation, thereby
increasing data diversity and improving the model’s robustness in color differentiation. Kim et al. [11]
employed a local weighting transform to produce non-rigid deformations in point clouds. This kernel
density-based estimation method assigns weights to each sample point inversely proportional to their
distance from target points, enhancing the accuracy of the transformed region while preserving the
global shape of the point cloud. Li et al. [12], using an adversarial learning approach, proposed an
automatic enhancement framework for hyperspectral image data. This framework utilizes Gaussian
noise and masking techniques to generate enhanced hyperspectral maps, filtering noise through
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randomly generated binary masks to accentuate image features. Leng et al. [13] introduced three
pseudo-label-based data augmentation policies (PseudoAugments) to integrate both labeled and
pseudo-labeled scenes. Their approach leverages unlabeled data for data augmentation, enriching the
training dataset for the network. Wang et al. [14] developed a rotation-based point cloud adversarial
attack method, which points out the sensitivity of many point cloud networks to the rotation of
point clouds. This observation has inspired further research into the impact of point cloud rotation
augmentation on weakly supervised semantic segmentation networks. Miao et al. [15] developed a
deep learning-based weakly supervised semantic segmentation network for indoor scene point clouds.
Utilizing three loss functions and data augmentation with a minimal label set, their methodology
achieves a network structure characterized by enhanced segmentation efficiency and reduced time
consumption. This is achieved through the simplification of point cloud boundary features, narrowing
the rotation angle range during data augmentation, and optimizing the loss function.

However, the above method mainly focuses on discrete point cloud data, it is difficult to simulate
the effects of different light intensities, rotation robustness and point cloud noise on point cloud data
obtained in real applications, which makes it difficult for the neural network to achieve ideal semantic
segmentation results during training. In this paper, the point cloud semantic segmentation network
is augmented with rotation and Gaussian noise to generate diverse point cloud samples for training
indoor objects.

2.2. Weakly Supervised Semantic Segmentation of Point Cloud Data

Neural network-based segmentation strategies have shown significant advantages in various se-
mantic segmentation tasks [16,17]. Leveraging the success of convolutional neural networks in feature
extraction on images, most approaches typically employ view-based [17] or volume representation [16]
techniques to convert 3D discrete point cloud data into regular mesh data. For instance, Zhou et al.[17]
transformed sampling points within each voxel into feature vectors for effective extraction, applying
this to target detection tasks. Owing to the multi-modal collaborative learning, Ni et al. [18] proposed
a robust 3d semantic segmentation method thus to enhance feature extraction and segmentation
performance for point clouds. Despite their effectiveness, multi-view image data representations have
limitations due to object occlusion and complex data inputs, while voxel representations are often
limited by resolution constraints due to the high storage demands.

Indoor scene point cloud semantic segmentation methods primarily fall into model-based and
primitive-based strategies. Nan et al. [19] introduced a scene modeling method using pre-trained
object categories for search classification and segmentation. Li et al. [20] proposed replacing scanned
3D data with objects from a shape database for scene understanding and reconstruction. Shi et al.
[21] segmented indoor scenes by training classifiers for object and group classification. While these
methods effectively utilize database shape information, they often rely heavily on the diversity and
size of the model dataset. An alternative approach involves decomposing indoor scenes into geometric
primitives. Mattausch et al. [22] detected duplicate objects in scenes using numerous planar slices,
clustering them with a geometric similarity matrix for scene segmentation. Wu et al. [23] proposed
a consistency training framework, generating pseudo-labels from perturbed and rotated unlabeled
point clouds to enhance model robustness and generalization, thus preventing overfitting. Hu et
al. [24] developed a weakly-supervised semantic segmentation method for large-scale discrete point
clouds, generating virtual labeled data from known shape and color information to train a classifier for
semantic segmentation.

The proposed weakly-supervised point cloud semantic segmentation network in this paper
improves the generalization and robustness of traditional methods based on data enhancement
strategies, offering more accurate semantic segmentation results than the existing end-to-end methods.
Our network architecture eliminates the necessity of selecting clustering algorithms and initializing
cluster numbers, thereby also circumventing the need for regularization. The neural network weights
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are continuously optimized through a multi-layer perceptron and self-attention mechanism, which
ensures the effectiveness and efficiency of point cloud segmentation.

3. Weakly Supervised Point Cloud Semantic Segmentation Network

3.1. Overview of Our Method

The existing weakly supervised point cloud semantic segmentation networks often struggle
with challenges such as handling boundary sampling point labels, sensitivity to label noise, and
limited generalization of point cloud data, leading to suboptimal accuracy in point cloud semantic
segmentation. To address these issues, this paper proposes a novel weakly supervised point cloud
scene semantic segmentation network, which emphasizes boundary processing. The overarching
framework of this network is illustrated in Figure 1. Initially, the network randomly rotates the original
point cloud data within a restricted angle range and introduces Gaussian noise without parameter
value limitations, creating a dataset with enhanced feature contrast. Subsequently, utilizing the K-NN
algorithm, points surrounding the sampling points are selected for downsampling, yielding point
clouds that predominantly reflect the classes of the original sampling points. Further, through self-
supervision, the point cloud data undergoes an additional downsampling step to retain the original
color characteristics of the sampling points. The network then leverages a self-attention model and
a multi-layer perceptron as part of the point cloud feature extraction module, effectively extracting
and aggregating features from the enhanced point clouds. Finally, the network employs a maximum
pooling layer and a multi-layer perceptron to downscale the point cloud features, culminating in the
generation of the point cloud segmentation results.

In the training stage, the neural network incorporates the Siamese loss function and the Smooth
loss function to enhance the accuracy of point cloud semantic segmentation. The Siamese loss function
is utilized to train twin neural networks on point cloud labels, thereby significantly improving the
segmentation precision of point cloud scenes. Concurrently, the Smooth loss function is employed to
penalize the label discontinuity among neighboring samples that share similar geometric and color
information. This approach is instrumental in further refining the segmentation accuracy of point
cloud scenes.

Figure 1. The proposed weakly supervised semantic segmentation network. The input point cloud is
first fed to data augmentation through Gaussian noise and rotation-aware techniques. Subsequent to
this augmentation, boundary feature extraction and aggregation is performed, ultimately yielding the
semantic segmentation results. Different colors of small circles in the middle of the figure represent
point clouds of various categories.

3.2. Data Augmentation and Sampling

To significantly enhance the effectiveness and accuracy of point cloud scene semantic segmenta-
tion, the size of the scene dataset is a crucial factor in neural network model training. A limited number
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of real scene point cloud data can substantially restrict the model’s generalization ability. Therefore,
effective enhancement of point cloud scene data is essential [10,11,25,26]. Augmentation of scene point
cloud data can be achieved through various transformations applied to the original point cloud scenes,
such as rotational transformation [11] and the addition of Gaussian noise [24]. They are employed to
generate new scene point cloud datasets for increasing the diversity of the dataset, which is key to
ensuring the generalization capability of the segmentation network. By enhancing point cloud data to
create a range of differently transformed scene data, the segmentation model is improved to identify
and distinguish between various classes of point cloud objects. Consequently, this leads to improved
generalization abilities of the network.

3.2.1. Gaussian Noise Enhancement

In the realm of weakly-supervised point cloud semantic segmentation, the scarcity of scene point
cloud data samples, coupled with the high costs of annotating such data, often results in insufficient
training samples for neural network training. This limitation frequently leads to model overfitting,
where the network performs well on training data but falls short on test data. To mitigate this issue,
our research further explores the enhancement of point cloud data. This enhancement involves adding
Gaussian noise to the rotationally transformed point cloud data, thereby enriching the scene sample
data. In the context of point cloud scene segmentation tasks, Gaussian noise effectively simulates
inaccuracies and semantic segmentation noise inherent in scene data, which might arise from the
sampling equipment and methods used during data acquisition. By incorporating Gaussian noise into
scene point cloud data, the trained network model becomes more robust to data noise, enhancing the
diversity of the scene dataset and consequently improving the model’s generalization performance.
Specifically, for scene point cloud data represented as P = (xi, yi, zi), i = 1, 2, · · · , n, each sampling
point’s coordinates are perturbed with random fluctuations conforming to a normal distribution, as
follows.

xi = xi + σx · ξ

yi = yi + σy · ξ

zi = zi + σz · ξ (1)

Where, the variable ξ obeys the standard normal distribution N(0, 1), σx, σy, σz are the standard
deviations of the added noise respectively.

In the process of point cloud data enhancement, the combination of perspective transformation
and the addition of Gaussian noise simultaneously improves the efficacy of data enhancement. Specifi-
cally, the original point cloud undergoes a transformation, followed by an enhancement through the
addition of Gaussian noise. This approach ensures the presence of noise across various angles, thereby
substantially increasing the data’s diversity.

3.2.2. Rotation-Aware Data Enhancement

The primary objective of a point cloud semantic segmentation model is to discern and extract
pivotal feature information from point clouds, enabling the accurate classification of each sample point
within the point cloud scene. However, the inherent irregularity of point cloud data poses a significant
challenge to effective feature extraction, subsequently impacting the accuracy of neural network
segmentation. To address this challenge, it is imperative for the point cloud semantic segmentation
network to perform data enhancement on the original point cloud prior to network training. A practical
enhancement strategy involves the random rotation of field point cloud data called rotation-aware data
enhancement. Implementing this method is crucial as it facilitates more efficient feature extraction from
point cloud data, thereby substantially boosting the generalization performance of the segmentation
model, especially for point clouds with irregular distributions.
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To maximize the generalizability of this data enhancement method on the sampled points, we
have configured the rotation matrix R to conform to a Bernoulli distribution B(1, 0.5). Simultaneously,
we ensure that the rotation angle θ adheres to a uniform distribution U(0, 0.5π). This configuration
guarantees that the rotation angles are uniformly distributed within the specified range. For instance,

Rx =

1 0 0
0 cos θx − sin θx

0 sin θx cos θx

 (2)

Ry =

 cos θy 0 sin θy

0 1 0
− sin θy 0 cos θy

 (3)

Rz =

cos θz − sin θz 0
sin θz cos θz 0

0 0 1

 (4)

R = Rz(θz) · Ry(θy) · Rx(θx) (5)

Here, the first transformation matrix in our approach governs the rotation degree of the original point
cloud data, while the second matrix controls the magnitude of the coordinate transformation between
the point cloud image and the original data. Enhanced point cloud data samples are derived by
multiplying the original point cloud data X with the transpose of the rotation matrix, expressed as X̂ =

XRT . This rotation transformation pivots the scene’s point cloud data across various viewing directions,
thereby generating data from multiple perspectives. Such an approach aids the segmentation model
in more effectively identifying and distinguishing different objects within the scene. Furthermore, it
contributes to an increase in the quantity of scene point cloud data samples, thereby expanding the
pool of sample data available for model training.

3.2.3. Boundary-Based Sampling

The K-NN (K-Nearest Neighbors) algorithm is a widely utilized method in point cloud data
processing, predominantly employed for the selection of sampling points and the identification of
the nearest K points based on the shortest Euclidean distance. This algorithm plays a pivotal role
in determining the local structure and boundaries within a point cloud scene. This objective is
accomplished by evaluating the similarity in color and geometric information between the identified
sample points and their adjacent points.

In practice, the neural network employs uniform sampling in conjunction with the K-NN al-
gorithm to ascertain the sampling points and their nearest K neighbors. The process involves a
comparative analysis of the feature information of several sampled points against their contextual
relationships to discern whether they belong to the boundaries of indoor scenes or are objects within
the point cloud. The K-NN algorithm typically utilizes Euclidean distance or other relevant distance
metrics for its calculations. The formulation of the algorithm is as follows:

NN(i) = argminj∥Pi − Pj∥ (6)

Following the selection of sampling points via the K-NN algorithm, our network employs down-
sampling operations to decrease the number of points, both in terms of the sampling points and their
surrounding neighbors. This reduction in point quantity effectively minimizes computational complex-
ity and enhances processing efficiency. Commonly employed downsampling techniques encompass
voxel grid downsampling, random sampling, and distance-based sampling. As illustrated in Figure 2,
the neural network discerns the point cloud boundary using geometric and color information. It then
determines whether different sampling points correspond to the same point cloud label by assessing
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the magnitude of the Euclidean distance in their color information. This process simplifies the complex
color information present at the point cloud boundaries via downsampling, thereby facilitating a more
straightforward segmentation task.

Figure 2. Boundary feature difference aggregation module

3.3. Self-Attention Based Feature Extraction and Aggregation

Typically, to augment the feature representation capabilities of point cloud data, neural network
models often incorporate self-attention mechanisms and multilayer perceptrons for feature extraction
[27]. The self-attention mechanism, as an efficacious form of point cloud feature characterization,
focuses on distinct feature information from various sampling points in the scene. Concurrently, it
learns the intrinsic local relationships between each sampling point and its counterparts, thereby
more effectively capturing the global contextual information within the scene’s point cloud data.
Additionally, the structural parameters of this neural network are fewer compared to conventional
networks, which translates to heightened efficiency in extracting complex local features from point
clouds. The multilayer perceptron, functioning as a type of nonlinear transformation, maps point cloud
features into a higher-dimensional feature space. This mapping is crucial for achieving an effective
representation of high-dimensional features. Moreover, the layering of the perceptron enables the
neural network to progressively abstract higher-level feature information from the point cloud, thereby
enhancing the model’s representational capacity. We have effectively integrated the self-attention
mechanism with the multilayer perceptron. This integration optimizes the capture of both global and
local features of the site point cloud data, significantly improving the accuracy and robustness of the
semantic segmentation of the site point cloud. Moreover, this approach significantly enhances the
model’s discriminative power and its capacity for generalization.

Here, we introduce a feature extraction and aggregation structure leveraging the self-attention
mechanism, adeptly combining local and global features of point clouds. Initially, the enhanced point
cloud data, configured as an N ∗ 6 dimensional input where N represents the number of sampling
points, is processed. Each point in this dataset is characterized by a 6-dimensional vector (x, y, z, r, g, b),
encapsulating its spatial coordinates and color information. The multi-layer perceptron (MLP) first
maps each point’s low-dimensional features into a 64-dimensional feature space, enabling the network
to more effectively discern both local structures and global features of the cloud. Subsequently,
these high-dimensional features are introduced into a Self-attention (SA) model, which along with
the MLP, extracts and aggregates the point cloud features. The 64-dimensional features are then
processed through the Self-attention module. This module adaptively calculates the weights between
sampling points based on their features, aggregating this information. Its primary goal is to bolster
the interconnectedness and interaction among point cloud features, thereby enhancing the accuracy
and robustness of their representation. Furthermore, the use of self-attention models significantly
trims the count of neural network parameters compared to using only MLPs. For example, an MLP
with an input dimension of 64, a hidden layer of 128, and an output dimension of 512 requires 74 KB
parameters. In contrast, a self-attention structure with similar dimensions and three attention heads
only necessitates 36 KB parameters, nearly halving the computational load.
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This mechanism facilitates the interaction among feature vectors from each point within the scene,
thereby effectively capturing the global information of the point cloud. The self-attention module, in
comparison to traditional methods, demonstrates enhanced proficiency in extracting both local and
global structures of the cloud. This attribute renders it highly effective for interpreting a diverse range
of point cloud scenes. In the fusion of local and global features, our study strategically concatenates
various scales of point cloud information along the channel dimension prior to feeding it into the
neural network for semantic segmentation. During the neural network training process, challenges
such as gradient explosion or gradient vanishing often pose difficulties in training the model effectively.
As depicted in Figure 3, the network structure employs a multi-layer perceptron to transition enhanced
point cloud data from a 6-dimensional space to a 64-dimensional space. The point cloud features
within this dimension are then processed through an attention model. After extracting local feature
data from complex point clouds, we obtain new 64-dimensional point cloud features. A repetition of
this process further enhances these features to a 1024-dimensional space, thereby enhancing the local
characteristics.

Figure 3. Feature extraction and aggregation module. Three multi-layer perceptrons are utilized to
conduct dimensionality enhancement operations on the input point cloud data. These operations are
integrated with the point cloud features extracted from two successive rounds of local feature extraction.
As a result, this process yields two sets of 512-dimensional features and one set of 1024-dimensional
point cloud features.

4. Experimental Results and Discussions

The weakly supervised point cloud semantic segmentation network presented in this paper was
implemented on a system running Ubuntu 16.04, equipped with an Intel Core i9-10900K CPU processor
at 3.70GHz, 500GB RAM, and an NVIDIA GTX 1080 GPU. The software development was conducted
using Python 3.6 and PyTorch 1.6.

For training, the network utilized datasets of S3DIS [10] and ShapeNet [25] with only 1.0% data
labels. This study primarily focuses on the accuracy of point cloud boundary segmentation within the
segmentation results. To enhance the generalization of a limited set of point cloud labels, we conducted
experiments involving two data enhancement operations. Additionally, the boundary feature disparity
aggregation module was employed to simplify the segmentation of boundary samples. The network
leverages a local self-attention mechanism and a multi-layer perceptron to capture the local and global
features of scene scanning data from point clouds. High-dimensional point cloud features are then
fused and processed through maximal pooling operations to predict unlabelled sample points in the
point cloud scene.
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During the network training phase, the parameters of our segmentation network were optimized
using a combined loss function of Smooth and Siamese losses to enhance the accuracy of semantic
segmentation. In the testing phase, the network followed the same procedural steps as in training for
category inference, culminating in the final semantic segmentation results for the scene point cloud
data.

4.1. Evaluation of the Proposed Network

In this study, we have trained and tested a weakly supervised point cloud semantic segmentation
network, which incorporates a boundary feature difference aggregation module, on the S3DIS dataset
Area 5 [10]. The testing duration for this area was approximately 3.5 hours, and the neural network’s
parameter memory footprint was around 80MB. This dataset presents significant challenges in various
scenarios.

For instance, as depicted in the first row of Figure 4, elements such as the floor, indoor chairs and
table can be effectively segmented, whilst the whiteboard on the wall also can be segmented though it
has similar geometry and colour information with the wall. In the second row of Figure 4, the ceiling,
floor, chairs and tables can be effectively segmented. In the third row of Figure 4, elements for example
the ceiling, floor, table, the overhead light, the bookcases on both sides and the picture on the wall
are effectively segmented. Lastly, in the final row of Figure 4, the ceiling, floor, table, the bookcases
on both sides and indoor chairs are effectively segmented. The K-NN algorithm introduced in our
segmentation network, enhanced with a downsampling operation, demonstrates improved accuracy
in weakly supervised point cloud semantic segmentation for indoor scenes.

Figure 4. The segmentation results of our proposed weakly supervised semantic segmentation network
are presented as follows: The first column displays the input model, the second column illustrates the
corresponding ground truth of semantic labels, and the third column depicts the segmentation results
achieved through our proposed network.
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4.2. Comparison with State of the Art

In this experiment, thirteen methods including but not limited to weakly supervised point
cloud semantic segmentation (PointNet++ [28], SegCloud [27], PointCNN [29], SPGraph [30], PCT
[31], HPEIN [32], MinkowskiNet [33], KPConv [34], JSENet [35], CGA-Net [36], RandLA-Net [37],
CloserLook3D [38], and Ours method) to compare the effect of semantic segmentation on the S3DIS
dataset Area 5 [10], and the results are shown in Table 1.

Table 1. Comparison of segmentation results between our method and related methods on the S3DIS
Area 5 dataset [10]

Method Supervision mIoU ceiling floor wall column window door table chair
PointNet++ [28] Full 52.9 87.9 96.3 69.1 3.8 46.3 9.9 58.1 51.6
SegCloud [27] Full 60.3 89.8 96.2 69.7 19.2 39.1 22.9 70.1 75.6
PointCNN [29] Full 65.5 92.1 97.9 78.3 17.1 22.6 61.1 73.9 79.9

HPEIN [32] Full 69.9 90.8 97.9 80.9 22.9 64.8 39.8 74.8 86.9
MinkowskiNet [33] Full 73.7 91.8 97.7 86.3 33.9 47.9 61.9 80.9 88.8

KPConv [34] Full 74.1 92.7 96.9 81.9 22.8 57.9 68.8 80.9 90.8
JSENet [35] Full 74.6 93.7 96.9 83.1 22.9 60.8 70.8 88.8 78.8

CGA-Net [36] Full 75.0 93.1 98.1 82.9 24.9 58.8 70.1 89.8 81.9
RandLA-Net [37] Full 69.8 90.9 94.8 80.1 23.9 61.9 47.0 76.1 82.9

CloserLook3D [38] Full 74.0 93.9 98.7 81.9 24.8 50.8 70.1 91.1 80.7
SPGraph [30] Weak 71.6 89.1 95.9 77.9 41.9 47.9 61.8 83.9 74.3

PCT [31] Weak 69.7 89.98 98.1 79.9 18.7 61.0 47.9 75.9 84.9
Ours Weak 69.9 91.2 98.8 83.3 25.9 58.2 46.3 75.3 80.2

The experimental results use the average intersection and merger ratio (mIoU[35] ) as a per-
formance metric to evaluate and compare the performance metrics of thirteen methods on eight
different categories. The results show that the semantic segmentation of this experiment is higher
than RandLA-Net [37], PCT [31], PointNet++ [28], SegCloud [27], PointCNN [29], and demonstrates
the same point cloud semantic segmentation accuracy as HPEI [32] on mIoU [39] metrics, and at the
same time, the segmentation accuracy of this method is lower than SPGraph [30], MinkowskiNet [33],
KPConv [34], JSENet [35], CGA-Net [36], CloserLook3D [38]. Specifically, the neural network in this
paper has high segmentation accuracy on the labels of objects with similar geometrical structures, such
as ceiling, wall, floor, chair and table, while it can obtain higher segmentation metrics on point cloud
data with significant differences in colour information, reaching 91.2%, 98.8%, 83.3%, 75.3% and 80.2%,
respectively.

Figure 5 shows the comparison between the SegCloud network [27], PointCNN [29] and our
proposed network for semantic segmentation of indoor point cloud scenes in Area 5 of the S3DIS
dataset [10], respectively. It can be seen that the SegCloud network [27] has higher segmentation
accuracy than the traditional weakly-supervised point cloud semantic segmentation network, but it
is still difficult to obtain the semantic labels of the overhead lights in the third and fourth rows. The
PointCNN [29] network has higher point cloud segmentation indexes than the SegCloud network
[27], but it still has some shortcomings in the wall segmentation in the first, second and fourth rows.
The method in this paper not only has higher point cloud segmentation index than the previous two
methods, but also the graphical effect of the point cloud segmentation results of this method is better
than the previous two methods.
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Figure 5. Comparative analysis of various point cloud semantic segmentation methods is presented
for each point cloud scene as follows: The first column displays the input model, and the second
column illustrates the corresponding ground truth of semantic labels. The third column depicts the
segmentation results obtained using SegCloud [27]. The fourth column demonstrates the segmentation
results achieved with PointCNN [29]. Finally, the last column showcases the segmentation results via
our proposed network.

4.3. Ablation Study

To validate the effectiveness of the various components proposed in this paper, including the data
enhancement strategy, residual linking module, Siamese loss, smoothness loss, and cross-entropy loss,
we conducted ablation experiments. These experiments specifically focus on the K-NN algorithm with
downsampling operation, data enhancement, residual linking, and the two loss functions. The objective
is to ascertain the contribution and impact of each module on point cloud semantic segmentation. The
results are presented in Table 2 by using mIoU [39] metrics on S3DIS [10] and ShapeNet datasets [25] in
order to demonstrate the effect of different network modules on the accuracy of semantic segmentation
results for point clouds respectively.

From Su et al. [39], it can be observed that the Boundary Feature Difference Aggregation (BFDA)
module improves the mIoU metrics by 2.2 and 4.21 for the S3DIS [10] and ShapeNet datasets [25],
respectively.In addition to this, the point cloud rotation and Gaussian noise have the greatest impact
on the neural network’s point cloud segmentation accuracy, which increases the mIoU metrics by 4.6
and 4.0, respectively. Residual linking has the smallest effect. Siamese loss and Smooth loss on the
training of the neural network can significantly improve the point cloud segmentation accuracy of this
neural network on both datasets.
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Table 2. Ablative experiment for different components of segmentation network

Different components Our network
Data

augmentation
BFDA

module
Residual

Link
Twinning

Loss
Smooth

Loss S3DIS Dataset [10] ShapeNet Dataset[25]

× × × × × 57.3 44.5
× × × ×

√
58.3 47.1

× × ×
√ √

62.1 49.8
× ×

√ √ √
63.1 50.4

×
√ √ √ √

65.3 54.6√ √ √ √ √
69.9 58.6

5. Conclusion

In this study, we have developed a weakly supervised point cloud semantic segmentation network,
incorporating a boundary feature sampling and aggregation module. Within this network, the K-NN
algorithm is employed to identify sampling points and their nearest neighbors in the vicinity. A
downsampling operation is then applied to minimize the geometric and color information at the
boundaries of various objects in indoor point cloud scenes. This approach simplifies the training and
testing processes for the point cloud feature extraction module. Our experimental results demonstrate
the efficacy of this method, with the network’s performance significantly surpassing that of other
related weakly supervised point cloud semantic segmentation approaches.

Furthermore, we conducted a comprehensive evaluation and ablation study of the proposed
neural network through a series of experiments using the S3DIS dataset [10] and the ShapeNet dataset
[25]. Comparative analysis with other relevant networks reveals that our network offers considerable
improvements in terms of processing time and segmentation accuracy. This demonstrates its suitability
for the task of semantic segmentation of point clouds in indoor environments.
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