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Abstract

Giving machines the ability to precisely perceive and understand the
3D visual world is the fundamental step to allow them to interact com-
petently within our physical world. However, the research on large-
scale 3D scene understanding and perception is still in its infancy, due
to the complex geometrical structure of 3D shapes and limited high-
quality data resources. Among various 3D representations, point clouds
have attracted increasing attention due to its flexibility, compactness,
and the characteristic of being close to raw sensory data. Despite this,
the semantic understanding of large-scale 3D point clouds remains a
challenge due to its orderless, unstructured, and non-uniform proper-
ties. To this end, this thesis makes three core contributions from a high-
quality urban-scale dataset, and then fully-supervised semantic under-
standing to weakly supervised label efficient learning of large-scale 3D
point clouds.

The main contributions of this thesis are three-fold. In Chapter 3, we
start by building an urban-scale photogrammetric point cloud dataset
with nearly three billion richly annotated points. We also identify a
number of open and unique challenges faced by urban-scale 3D scene
understanding and conduct comprehensive experimental analysis to
address these challenges. This work points out the limitations of ex-
isting algorithms and provides several insightful conclusions for un-
derstanding large-scale 3D point clouds in urban environments.

With high-quality large-scale 3D datasets, we further investigate the
research problem of efficient semantic segmentation of large-scale 3D
point clouds in Chapter 4. We begin by analyzing the strengths and
weaknesses of existing downsampling strategies and find that random
sampling is a suitable component for efficient learning on large-scale



point clouds. Additionally, we propose a local feature aggregation mod-
ule to increase the receptive field hierarchically and preserve impor-
tant features. We then build an efficient, lightweight neural architec-
ture called RandLA-Net that can directly infer per-point semantics for
large-scale point clouds with millions of points that span hundreds of
meters.

In Chapter 5, we take a step further to investigate the label-efficient
learning of large-scale 3D point clouds. That is, achieving high-quality
semantic segmentation with limited annotations. We first examine key
issues in weakly supervised learning of 3D point clouds, including dif-
ferent weak supervision schemes and the critical point of weak anno-
tations. Through a pilot study, we find that dense 3D annotations are
actually redundant and unnecessary. Motivated by this, we propose a
novel weak supervision framework that implicitly augments the total
amount of available supervision signals by leveraging the semantic ho-
mogeneity between neighboring points. This is achieved using a point
neighborhood query to allow the sparse training signals to be back-
propagated to a wider context.

All of the algorithms and datasets presented in this thesis have been
open-source on GitHub to facilitate future research. The RandLA-Net
algorithm was recognized as one of the most influential papers at the
CVPR 2020 conference and has been integrated into code libraries such
as Open3D and TorchPoints3D. The SensatUrban dataset was used as
the platform for two Urban3D challenges, contributing to the advance-
ment of semantic understanding of city-scale point clouds.

Overall, this thesis presents a high-quality dataset and two novel data-
driven algorithms, aiming to achieve efficient, scalable, and effective
learning-based semantic understanding of large-scale 3D point clouds,
eventually improving the real-time 3D perception capacity of intelli-
gent machines in practice.
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Chapter 1

Introduction

1.1 3D Scene Understanding

Figure 1.1: 3D understanding involves a wide range of subtasks, including scene
classification, semantic segmentation, object detection, pose estimation, physics
based reasoning, saliency prediction, affordance prediction and 3D reconstruction.
Sample images adapted from [150].

We all live in a 3D world. Although everything humans see is first recorded
on our retinas in only two dimensions, we can extrapolate depth and perceive the
three-dimensional physical world around us through evolved stereoscopic vision,
further recognizing objects, inferring semantic clues, and understanding the struc-
tures in 3D space based on our prior knowledge.

In digital worlds, giving machines the ability to perceive and understand the
3D visual world like our humans is also a fundamental and long-standing research
question. Due to the limited computational resources and the scarcity of high-
quality data resources, early attempts usually start from 2D images with standard
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grid structures. Although remarkable progress has been achieved in the past years,
the 3D to 2D projection inevitably lost valuable depth information, leading to in-
ferior performance under several intractable cases such as occlusions, viewpoint
variations, etc.

Recently, 3D scene understanding has been actively explored and widely in-
vestigated in several professional areas. On the one hand, various 3D acquisition
facilities such as LiDARs, and RGB-D cameras (e.g., Kinect, RealSense, and Apple
depth cameras) are becoming increasingly available and affordable. As a result,
a number of high-quality 3D datasets are becoming publicly available, including
ModelNet [225], ShapeNet [37], ScanNet [55], S3DIS [26], Semantic3D [76], and
the KITTI Vision Benchmark Suite [69]. On the other hand, a number of sophisti-
cated techniques within the 3D scene understanding area are being proposed and
deployed, enabling various applications including autonomous driving, remote
sensing, AR/VR, and the smart city come into our daily life [44, 106, 88].

Formally, 3D scene understanding in machine vision can be defined as: “To an-
alyze a scene by considering the geometric and semantic context of its contents and
the intrinsic relationships between them [150].” Overall, 3D scene understanding is
a challenging, complex, and systematic research problem, which usually involves
a number of sub-tasks including scene classification, object detection, pose estima-
tion, semantic segmentation, 3D reconstruction, saliency detection, physics-based
reasoning, and affordance prediction (as illustrated in Figure 1.1). In this thesis, we
mainly focus on the fundamental-level subtask and key components in 3D scene
understanding, that is, semantic understanding of 3D scenes.

1.2 3D Representation

Representation is a fundamental and key element for machines to understand the
3D digital world [150]. In general, 3D data can be broadly represented by 3D point
clouds [155], 3D meshes [80], voxel grids [114], implicit functions [65], primitives
[265], and multi-view images [180], as depicted in Figure 1.2. Here, we provide a
brief introduction of different representations:

• Point Cloud Representation. A ”point cloud” is a list of data points in 3D space.
Each point is encoded with the spatial coordinates (x, y, z) and possibly with
attributes (e.g., remission, reflectance, color information). Point clouds are usu-
ally used to represent the surface of a specific 3D geometry. Additionally, point
clouds can be acquired by depth sensors and range scanners.
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Point cloud Mesh Voxel grids

Implicit surfaces Projected imagesPrimitives

Figure 1.2: Illustration of different 3D representations for Stanford bunny. Sample
images adapted from [13].

• 3D Mesh Representation. The mesh representation is a collection of vertices,
edges, and faces that encodes 3D geometry, which has been widely used in 3D
computer graphics [214] and geometrical modeling [148]. In particular, polygon
mesh means to use polygonal (such as triangle, quadrilateral, or other simple
convex polygons) shaped faces to represent the surface of 3D objects. This rep-
resentation is compact and easy to display and render, but tedious to edit and
not friendly for existing deep neural networks with standard operations.

• Voxel Representation. Voxel representation is a natural 3D extension of 2D im-
age representation with grid structures, i.e., a voxel represents a regular grid in
3D space. Given a continuous 3D geometric structure (i.e., 3D triangular mesh),
voxelization is a process to transform the geometry from a continuous domain
into a set of discrete voxels (grids) to best approximate the object. The voxel
value is usually binary, where 0 indicates empty and 1 indicates occupied. Due
to the structurality and regularity of voxel representation, modern deep neural
architectures can be easily applied and extended to this kind of data. However,
voxel representation is also voluminous, hence limited to relatively small reso-
lution.

• Implicit Representation. Different from the aforementioned explicit 3D repre-
sentations, implicit 3D surface representation has attracted increasing attention
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in recent years for its capacity to represent shape and texture continuously. This
representation does not explicitly discretize space and implicitly describes the
3D geometry as the continuous decision boundary of a binary classifier, hence
can encode the 3D geometry with extremely high resolution with a fixed mem-
ory footprint.

• Primitives Representation. Inspired by the nature that humans usually per-
ceive and understand 3D shapes as a collection of simple parts or components
[265], this representation describes complex 3D geometry by using a number of
basic geometric forms, called primitives (such as cube, cylinder, tube, sphere,
cone, etc.). Additionally, primitives can also be manipulated (moved, rotated,
grouped, hidden, deformed) to better approximate the geometry and improve
diversity.

• Projected Image Representation. As the name implies, multi-view representa-
tion is to encode the 3D geometry as a collection of renderings from multiple
different viewpoints [156]. This representation can be easily processed by ex-
isting 2D mature neural architectures with standard operations such as CNN.
However, the 3D-2D projection inevitably induces information loss, hence lim-
iting the overall performance in some sense.

Among various 3D geometric representations, point clouds have the following
desirable properties: 1) Point clouds are natural, straightforward, and compact.
They are the closest representation to raw sensory data from LiDAR or RGB-D
cameras. 2) They are highly robust to light conditions compared with 2D images,
thereby suitable for a wide range of applications. 3) Point clouds do not suffer as
much from quantization errors compared to other geometric representations such
as voxel grids [156]. They are also flexible and memory-efficient, thereby well-
suited for representing details precisely and large-scale 3D scenes. However, deep
learning on 3D point clouds is still in its infancy due to the unique challenges faced
by point cloud processing, such as being orderless, irregular, and unstructured.
Recently, numerous deep learning-based methods have been proposed to address
different problems in the area of point cloud analysis, with encouraging results
achieved in 3D shape classification and retrieval [155, 157, 122], 3D object detection
and tracking [111, 137], and 3D scene segmentation [110, 73].

Although remarkable progress has been achieved in recent years, most exist-
ing methods are still limited to extremely small 3D point clouds and cannot be
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directly extended to larger point clouds, due to the complex geometrical structure
in large-scale 3D scenes and limited high-quality data. This motivates us to build
infrastructure, and develop advanced neural architectures to achieve an effective
and efficient understanding of unstructured 3D point clouds.

1.3 Scope of the Study and Research Challenges

The scope of this thesis focuses on the advancement of 3D scene understanding,
with a specific emphasis on efficient and accurate semantic segmentation of large-
scale 3D environments represented in the form of point clouds. This is also the
key prerequisite for machines to interact with the 3D environment and perform a
range of high-level tasks. Although remarkable progress has been achieved in this
research area in recent years, there remain several research challenges that need to
be further explored:

• Can existing techniques achieve semantic understanding of urban-scale
3D scenarios? What are the main challenges? An essential prerequisite
for unleashing the potential of supervised deep learning algorithms in the
area of 3D scene understanding is the availability of large-scale and richly
annotated datasets. However, publicly available datasets are either in rela-
tively small spatial scales or have limited semantic annotations due to the
expensive cost of data acquisition and data annotation, which severely lim-
its the development of fine-grained semantic understanding in the context of
3D point clouds. It remains an open question whether existing approaches
can be scaled to urban-scale or even larger 3D scenes. The key challenges of
semantic understanding of urban scenes remain unclear.

• How to understand the semantics of large-scale 3D point clouds efficiently
and effectively? Clearly recognizing individual 3D objects and parsing dif-
ferent semantics within a real-world scene is the prerequisite of 3D scene
understanding. In general, a large-scale 3D scene represented by 3D point
clouds usually contains dozens of object classes, hundreds of instances, and
millions of points. However, most existing methods are still limited to ex-
tremely small 3D point clouds and cannot be directly extended to larger point
clouds. It remains a challenging problem to develop a flexible, efficient, and
effective neural architecture to directly process large-scale 3D point clouds.
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• How to learn the semantics of 3D point clouds with weak (self) supervi-
sion? Existing works usually rely on a large amount of densely annotated se-
mantic labels to provide supervision signals for network training. However,
in real-world complex scenarios, it is extremely costly and even infeasible to
manually and exactly annotate every point in a whole scene. Therefore, it is
desirable to explore the data-efficient learning of 3D point clouds, learning
semantics from 3D point clouds with weak (self) supervision (e.g., limited
annotations, inexact supervision, pretext-task). Additionally, efficient and
effective labeling strategies to significantly reduce the labeling cost are also
worth investigating.

Overall, the main goal of my DPhil project is to semantically understand large-
scale 3D point clouds by learning compact and effective representations using
deep neural networks with full or limited supervision.

1.4 Contributions & Publications

In this section, the main contributions of each chapter are summarized as follows.
Given the fact that several chapters of this thesis are based on published academic
papers, which are developed through collaboration, I will take care to delineate
my own role and highlight my specific contributions.

• In Chapter 3, we build an urban-scale photogrammetric point cloud dataset
with nearly three billion richly annotated points, termed SensatUrban. Specif-
ically, this dataset consists of large areas from three UK cities, covering about
7.6 km2 of the city landscape. In the dataset, each 3D point is labeled as one
of 13 semantic classes. We extensively evaluate the performance of state-of-
the-art algorithms on our dataset and provide a comprehensive analysis of
the results. In addition, we also empirically highlight a number of open chal-
lenges in urban-scale scene understanding. The work is published in:

Qingyong Hu, Bo Yang, Sheikh Khalid, Wen Xiao, Niki Trigoni, Andrew Markham.
“Towards Semantic Segmentation of Urban-Scale 3D Point Clouds: A Dataset,
Benchmarks and Challenges”. IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2021 [88].

Qingyong Hu, Bo Yang, Sheikh Khalid, Wen Xiao, Niki Trigoni, Andrew Markham.
“SensatUrban: Learning Semantics from Urban-Scale Photogrammetric Point
Clouds”. International Journal of Computer Vision (IJCV), 2022 [89].
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The collaboration for this chapter originated from the Data Study Group held
by the Alan Turing Institute, where Sensat Ltd1 provided the urban-scale 3D
point cloud dataset.

My contributions included conceiving the idea of achieving the semantic un-
derstanding of urban-scale 3D point clouds and defining the semantic cat-
egories of interest for the SensatUrban dataset. I was also responsible for
building a comprehensive benchmark, including dividing the dataset into
training/validation/testing splits, reporting the statistics and data distribu-
tions, and evaluating the performance of six representative baselines (in-
cluding both projection, voxel, and point-based approaches such as PointNet
[155], PointNet++ [157], SparseConv [73], TangentConv [189], KPConv [193],
and SPGraph [110]). These algorithms were re-implemented based on their
open-source codes.

In addition, I highlighted seven unique and unresolved challenges faced by
urban-scale point cloud semantic understanding, including data prepara-
tion, geometry vs. appearance, skewed class distribution, cross-city gener-
alization, cross-dataset generalization, weakly-supervised learning, and self-
supervised pre-training of 3D point clouds. I also provided an in-depth anal-
ysis based on extensive experimental results and provided insights to the
community for future exploration.

I was also responsible for writing the data acquisition, reconstruction, and
annotation process in the manuscript, visualizing the reconstructed point
clouds using the Open3D library, and forming the manuscript, which was
published in [88, 89].

• In Chapter 4, we introduce an efficient and lightweight neural architecture,
termed RandLA-Net, to directly infer per-point semantics for large-scale point
clouds. Compared with existing approaches, the proposed RandLA-Net can
process 1 million points in a single pass, with up to 200× faster speed than
existing approaches on a single NVIDIA RTX2080Ti GPU. Extensive exper-
iments on large-scale point cloud datasets demonstrate the superior perfor-
mance of our RandLA-Net. The work is published in:

1https://www.sensat.co/, coordinated by Dr. Sheikh Khalid (Chief Scientist)
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Qingyong Hu, Bo Yang, Linhai Xie, Stefano Rosa, Yulan Guo, Zhihua Wang, Niki
Trigoni, Andrew Markham. “RandLA-Net: Efficient Semantic Segmentation of
Large-Scale Point Clouds”. IEEE Conference on Computer Vision and Pattern
Recognition (CVPR Oral), 2020 [90].

Qingyong Hu, Bo Yang, Linhai Xie, Stefano Rosa, Yulan Guo, Zhihua Wang,
Niki Trigoni, Andrew Markham. “Learning Semantic Segmentation of Large-Scale
Point Clouds with Random Sampling.” IEEE Transactions on Pattern Analysis
and Machine Intelligence (TPAMI), 2021 [91].

For this chapter, I made significant contributions to the design and imple-
mentation of the RandLA-Net algorithm for large-scale 3D point cloud se-
mantic segmentation. My responsibilities included the analysis of different
downsampling strategies for unstructured 3D point clouds, and decision to
employ simple random downsampling in our framework to reduce memory
and computational resources. I also designed the lightweight local spatial
encoding, dilated residual block unit, built a complementary local feature
aggregation module, and developed the RandLA-Net framework with hier-
archical downsampling and feature aggregation.

I was also responsible for producing all the experimental results on several
large-scale benchmarks, including S3DIS [26], Semantic3D [76], SemanticKITTI
[28], Toronto3D [185], ScanNet [55], DALES [200], NPM3D [167], and com-
pared our results with existing approaches such as PointNet [155], Point-
Net++ [157], KPConv [193], etc. I also carried out comprehensive experi-
ments to verify the effectiveness of each component, including visualizing
the learned attention scores, efficiency of random sampling, etc. Finally, I
was also responsible for forming the manuscript published in [90, 91] and
creating all figures and tables. My co-authors also made contributions to
this project by providing valuable insights and suggestions, the implemen-
tation of continuous relaxation-based sampling, policy-gradient-based sam-
pling, and attentive pooling unit.

• In Chapter 5, we take a step further to investigate the label-efficient learn-
ing of large-scale 3D point clouds. In particular, we first identified dense
3D annotations are actually redundant and unnecessary, and then propose
a new weak supervision framework to implicitly augment the total amount
of available supervision signals, by leveraging the semantic homogeneity be-
tween neighboring points. Extensive experiments demonstrate the proposed
Semantic Query Network (SQN) achieves promising performance on seven
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large-scale open datasets under weak supervision schemes, while requiring
only 0.1% randomly annotated points for training, greatly reducing annota-
tion cost and effort. The work is published in:

Qingyong Hu, Bo Yang, Guangchi Fang, Yulan Guo, Ales Leonardis, Niki Trigoni,
Andrew Markham. “SQN: Weakly-Supervised Semantic Segmentation of Large-
Scale 3D Point Clouds”. European Conference on Computer Vision (ECCV), 2022
[87].

In this chapter, I made extensive contributions to address the weakly super-
vised semantic segmentation of large-scale 3D point clouds. My specific con-
tributions included conducting a pilot study to evaluate the redundancy of
dense point-wise annotations, providing insight into the critical point of a
weak supervision regime. Based on these findings, I developed a novel ran-
dom sparse annotation scheme that reduces the annotation costs, and created
a CloudCompare-based tool to support this approach.

Furthermore, I was responsible for conceiving the idea of leveraging local se-
mantic homogeneity in point neighbors for weakly supervised semantic seg-
mentation of large-scale 3D point clouds, implementing the SQN algorithm
using Tensorflow 1.13 and python, and developing a Euclidean distance-
based point feature query mechanism. I also produced extensive experimen-
tal results on several large-scale benchmarks, including S3DIS [26], Seman-
tic3D [76], SemanticKITTI [28], DALES [200], and Toronto3D [185], demon-
strating the effectiveness and efficiency of the SQN algorithm in comparison
to existing approaches.

In addition to the technical contributions, I was also responsible for creating
the manuscript published in [87], as well as all figures and tables, ensuring
the clarity and completeness.

In addition to the above contributions which address the research challenges
discussed in Section 1.3, I have also made contributions to the following co-authored
publications, which are related to my thesis, but will not be included.

• Yifang Zhang, Qingyong Hu*, Guoquan Xu, Yanxin Ma, Jianwei Wan, Yulan Guo.
“Not All Points Are Equal: Learning Highly Efficient Point-based Detectors for
3D LiDAR Point Clouds”. In IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2022 [251].
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• Guangchi Fang, Qingyong Hu, Hanyun Wang, Yilin Xu, Yulan Guo. “3DAC:
Learning Attribute Compression for Point Clouds”. In IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR), 2022 [63].

• Jia-Xing Zhong, Kaichen Zhou, Qingyong Hu*, Bing Wang, Niki Trigoni, An-
drew Markham “No Pain, Big Gain: Classify Dynamic Point Cloud Sequences with
Static Models by Fitting Feature-level Space-time Surfaces”. In IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2022 [258].

• Meida Chen, Qingyong Hu*, Thomas Hugues, Andrew Feng, Yu Hou, Kyle Mc-
Cullough, Lucio Soibelman. “STPLS3D: A Large-Scale Synthetic and Real Aerial
Photogrammetry 3D Point Cloud Dataset”. BMVC 2022 [41].

• Taying-Chen, Qingyong Hu*, Qian Xie, Andrew Markham, Niki Trigoni. “Meta-
Sampler: Almost-Universal yet Task-Oriented Sampling for Point Clouds”. ECCV
2022 [50].

• Sheng Ao*, Qingyong Hu*, Bo Yang, Andrew Markham, and Yulan Guo. “Spin-
Net: Learning a General Surface Descriptor for 3D Point Cloud Registration”. In
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2021 [25].

• Qian Yin*, Qingyong Hu*, Hao Liu, Feng Zhang, Yingqian Wang, Zaiping Lin,
Wei An, Yulan Guo. “Detecting and Tracking Small and Dense Moving Objects
in Satellite Videos: A Benchmark”. IEEE Transactions on Geoscience and Remote
Sensing (IEEE TGRS), 2021 [244].

• Yulan Guo*, Hanyun Wang*, Qingyong Hu*, Hao Liu*, Li Liu, and Mohammed
Bennamoun. “Deep Learning for 3D Point Clouds: A Survey”. IEEE Transactions
on Pattern Analysis and Machine Intelligence (TPAMI), 2020 [75].

• Kunping Yan*, Qingyong Hu*, Hanyun Wang, Xiaohong Huang, Li Li, and Song
Ji. “Continuous Mapping Convolution for Large-Scale Point Clouds Semantic Seg-
mentation”. IEEE Geoscience and Remote Sensing Letters (IEEE TGRSL), 2021
[235].

• Ruigang Fu, Qingyong Hu, Xiaohu Dong, Yulan Guo, Yinghui Gao, Biao Li.
“Axiom-based grad-cam: Towards accurate visualization and explanation of cnns”.
In British Machine Vision Conference (BMVC), 2020 [64].
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• Bo Yang, Jianan Wang, Ronald Clark, Qingyong Hu, Sen Wang, Andrew Markham,
Niki Trigoni. “Learning object bounding boxes for 3D instance segmentation on
point clouds”. In Advances in Neural Information Processing Systems (NeurIPS),
2019 [238].

1.5 Thesis Structure

The rest of this thesis is organised as follows, and the overall structure of this thesis
is depicted in Figure 1.3.

Large-Scale 3D
(Chapter 3)

Representation-Efficient 3D
(Chapter 4)

Label-Efficient 3D
(Chapter 5)

Learning to Understanding Large-Scale 3D Point Clouds

Introduction (Chapter 1)

Conclusion (Chapter 6)

SensatUrban
(CVPR’21 & IJCV’22)

RandLA-Net
(CVPR’20 & IEEE PAMI’21)

SQN
(ECCV’22)

Literature Review (Chapter 2)

Figure 1.3: An overview of the thesis structure.

• In Chapter 2, we provide a comprehensive literature review of existing 3D
semantic understanding methods and related datasets.

• In Chapter 3, we focus on establishing a large-scale 3D dataset, and introduc-
ing SensatUrban, an urban-scale photogrammetry point cloud dataset.

• In Chapter 4, we aim to develop an efficient representation for 3D point
clouds and present RandLA-Net, a neural architecture for semantic segmen-
tation of large-scale 3D point clouds.

• In Chapter 5, we investigate label-efficient learning algorithms and propose
SQN, a weakly supervised semantic segmentation pipeline for large-scale 3D
point clouds requiring only 0.1% of semantic annotations.
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• In Chapter 6, we conclude the entire thesis and identify a number of future
directions.
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Chapter 2

Literature Review

2.1 Background

Fundamentally, point clouds are discrete samplings of the scene surface in 3D
space, which can be mathematically represented as a collection of three-dimensional
point coordinates, and possibly with corresponding attributes. In the last decades,
point cloud acquisition equipment has achieved impressive development. In gen-
eral, point cloud data can be acquired by LiDAR, structured light, stereo vision, or
3D scanner, as shown in Figure 2.1.

(a) Faro Arm (b) Microsoft Kinect (c) Optech ILRIS-LR

(d) Velodyne LiDAR (e) Bumblebee XB3 (f) Vivid 910

Figure 2.1: An illustration of point cloud acquisition equipment. The source im-
ages are adapted from [18, 9, 12, 19, 3, 20].

Compared with 2D images, the main advantages of 3D point clouds include:
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Figure 2.2: An illustration of the unique challenges faced by point clouds. The top
left of the figure is adapted from [122], while the bottom left is adapted from [155].

• 3D geometric shape information. Different from 2D images, which mainly
comprise the appearance and texture information, 3D point clouds can pro-
vide additional 3D geometrical structure information.

• No information loss in 3D-2D projection . Point cloud acquisition is a map-
ping process from 3D physical space to 3D digital space. Generally, there are
only rotation and translation transformations, instead of the projection trans-
formation or distortion in the process of 3D-2D projection, hence insensitive
to the viewpoint variations.

• Robust to light conditions and scale variations. Both LiDAR and structured
light sensors use active lighting, hence the acquisition of point clouds is ac-
tually not affected by changes in ambient light. Additionally, considering the
point cloud is essentially a discrete sampling of the geometric information of
the 3D scene surface, the distance variations only affect the resolution and
accuracy of the acquired point clouds, but do not affect the inherent geomet-
ric size of the 3D shapes. As such, point clouds are more robust to the scale
changes, compared with 2D images.

Despite its benefits, achieving accurate and effective point cloud analysis still
faces several unique challenges, as illustrated in Figure 2.2:
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Autonomous Driving AR/VR

Entertainment Cultural Heritages

Figure 2.3: Example applications related to 3D point clouds. Sample images
adapted from the internet, the images are credited to [10, 14, 178, 141, 5, 6, 17,
184, 4].

• Irregular distribution. Unlike the regular distribution of image pixels on the
2D plane, the points in a point cloud are usually irregularly distributed in 3D
space. In this case, operations such as convolution on images are difficult to
directly generalize to 3D point clouds.

• Non-uniform density. The distribution of point clouds directly acquired by
sensors is usually non-uniform, especially for LiDAR sensors. For example,
the point cloud density is high in the area close to the sensor, and is low in
the area far away from the sensor.

• Orderless. Point cloud data is inherently orderless. Regardless of how the
order of the points is shuffled, the 3D geometry (shape) it represents is the
same. However, existing neural networks usually assume that there is a fixed
order to perform operations, and the results of different orders may not be
consistent.

• Large scale. The point cloud data collected in real-world 3D scenes are usu-
ally large-scale with millions of points, which leads to higher requirements
for the calculation and storage efficiency of point cloud processing algorithms.

Recently, deep learning on point clouds has attracted wide attention from the
community, with a number of real applications including autonomous driving,
AR/VR, interactive entertainment and cultural heritages, as illustrated in Figure
2.3. In this thesis, we mainly focus on the semantic understanding of the 3D point
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ShapeNet (Arxiv'15)

ModelNet (CVPR'15)

ScanNet (CVPR'17)

S3DIS (CVPR'17)

Toronto3D (CVPRW'20)

SemanticKITTI (ICCV'19)

Semantic3D (ISPRS'17)

Matterport3D (3DV'17)

DALES (CVPRW'20)

DublinCity (BMVC'19)

SensatUrban (CVPR'21) 

PointNet (CVPR'17)

PointNet++ (NeurIPS'17)

KPConv (ICCV'19)

RandLA-Net (CVPR'20) 

SparseConvNet (CVPR'18)

TagentConv (CVPR'18)

SqueezeSegV3 (ECCV'20)

SnapNet (3DOR'17)

MinkowskiNet (CVPR'19)

SegCloud (3DV'17)

Limited Point
Annotations

SegGroup (TIP'22)

LDLS (RAL'19)

MPRM (CVPR'20)

OTOC (CVPR'21)

SQN (ECCV'22) 

PSD (CVPR'21)

PointContrast (ECCV'20)

SceneContrast (CVPR'21)

OcCo (ICCV'21)

Figure 2.4: Taxonomy of the field of 3D point cloud semantic segmentation. This
figure provides a comprehensive overview of the representative methods and
datasets, with a small red flag highlighting the research works presented in this
thesis.

clouds. Accurate semantic segmentation of large-scale point clouds is a funda-
mental step of effective 3D scene understanding. This task requires not only the
understanding of the global geometric structure, but also the fine-grained local
neighborhood details of each point.

Following our research objectives, we have presented a taxonomic classification
of the field of 3D point cloud semantic segmentation in Figure 2.4. This taxonomy
provides a comprehensive overview of the state and development of the field, fa-
cilitating a better understanding of the following literature review. In Sections 2.2
and 2.3, we provide a systematic review of the literature on point cloud semantic
segmentation using full and weak supervision, respectively. Furthermore, we also
introduce the 3D point cloud datasets (Section 2.4) and evaluation metrics (pre-
sented in Section 2.5) used in the field. To conclude this chapter, we summarize
the limitations of the existing approaches and provide a brief introduction to the
subsequent chapters.

2.2 Semantic Segmentation of 3D Point Clouds with
Full Supervision

The task of semantic segmentation for 3D point clouds is to assign labels to in-
dividual points and group them based on their semantic meaning. Historically,
traditional methods [52, 168] have utilized handcrafted features to extract infor-
mation from raw point clouds, but recent approaches have shifted towards using
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(a) Multi-View Representation (b) Volumetric Representation (c) Point Representation

Figure 2.5: Illustration of different 3D representations in semantic segmentation of
3D point clouds. The left of the figure is adapted from [32], while the middle is
adapted from [177], and the right is adapted from [231].

deep neural networks, motivated by the great success achieved by deep learning-
based techniques in various fields [113]. In this section, our main focus is on the
fully supervised scenario where all points have corresponding semantic labels. We
will discuss the weakly supervised setting in more detail in Section 2.3.

A major challenge in this task is how to effectively learn meaningful feature
representation from irregular, non-uniform, and orderless 3D point clouds. As a
result, significant research effort is devoted to developing representation learning
techniques that effectively capture the characteristics of these data. Additionally,
the large-scale and complex geometrical structure of point clouds necessitates the
study of efficient and lightweight neural architectures.

2.2.1 Representation Learning for 3D Point Clouds

To improve feature learning for 3D point clouds, a number of methods have been
proposed to learn from irregular raw point clouds or intermediate data represen-
tations. These methods can be broadly classified into three categories: projection-
based, volumetric-based, and point-based networks. An intuitive illustration can
be found in Figure 2.5.

Projection-based networks. To apply the success of 2D CNNs to 3D point clouds,
several research works [118, 44, 237, 111] have proposed projecting/flattening 3D
point clouds onto 2D images for downstream tasks. However, these approaches
can result in a loss of geometric details, particularly when using the commonly-
used bird-eye-view projection which can drop points due to occlusion. A represen-
tative method is SnapNet [32], as depicted on the left in Figure 2.5. This method
generates multiple RGB and depth snapshots of a point cloud using multiple cam-
era positions and employs 2D segmentation networks for pixel-wise labeling of
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these snapshots [32]. The scores predicted from the RGB and depth images are
then fused through residual correction [27]. However, the challenge of resolving
inconsistencies in the prediction results of the same 3D point across different pro-
jection maps remains an issue that requires additional investigation.

Alternatively, several other approaches [144, 54, 218, 219, 230] use spherical
projection to convert the LiDAR point clouds back to raw range images without
dropping points. The Squeezeseg series of techniques [218, 219, 230] are among the
most representative methods in this field. These techniques incorporate SqueezeNet
[96], an efficient architecture, and a conditional random field or leverage an unsu-
pervised domain adaptation framework to achieve improved segmentation per-
formance on range images. These methods leverage the capability of convert-
ing LiDAR point clouds from raw range images obtained through depth sensors,
thereby preserving more information than single-view projections. However, as
highlighted in [144], the practical implementation of these methods is often faced
with challenges such as blurred outputs from convolutional neural networks (CNNs)
and quantization errors.

Volumetric-based Networks. Point clouds can also be voxelized into dense 3D
grids and then processed with powerful 3D CNNs [46]. Early works [112, 143] usu-
ally voxelized point clouds into dense cubic grids, and then leverage the mature
3D CNN architectures to learn the semantics of each point. To achieve fine-grained
and globally consistent semantic segmentation, Tchapmi et al. [190] proposed SEG-
Cloud. This method involves the use of a deterministic trilinear interpolation to
map the coarse voxel predictions generated by a 3D Fully Convolutional Neural
Network (3D-FCNN) [135] back to the original point cloud. The inferred per-point
labels are then regularized through the use of a Fully Connected Conditional Ran-
dom Field (FC-CRF) to enforce spatial consistency. Overall, the volumetric rep-
resentation of 3D point clouds provides inherent preservation of the adjacency
relationship and a regular data format, which enables direct application of stan-
dard 3D convolutions, resulting in a consistent performance improvement in this
field. However, a challenge associated with these techniques is the cubic growth of
computation and memory demands with respect to the input resolution, hindering
their applicability for processing large-scale point clouds.

To address the issue of cubic growth in computation and memory with increas-
ing input resolution, advanced data structures such as Octree [161] and sparse-
tensor [73, 51] have been developed. These structures are beneficial due to the
inherent sparsity of the volumetric representation, where only a small percentage
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of voxels have non-null values. Graham et al. [73] proposed submanifold sparse
convolutional networks that utilize an indexing structure to significantly reduce
memory and computational costs. This is achieved by restricting the output of the
convolution only related to those occupied voxels. Choy et al. [51] introduced
MinkowskiNet, a 4D spatiotemporal convolutional neural network for 3D video
perception, which utilizes a generalized sparse convolution to effectively process
high-dimensional data. Additionally, different volumetric representations, such
as spherical voxels [116] and cylindrical voxels [263], have been proposed to ac-
commodate the unique data distributions of specific point clouds (e.g., LiDAR).
Despite the impressive results achieved by these methods in recent years, imple-
menting complex operations can still be a challenge for individual users, especially
on GPUs.

Point-based Networks. These methods directly operate on the unstructured point
clouds, without relying on any explicit intermediate regular representation. As a
pioneering work, Qi et al. [155] introduced PointNet which utilizes simple shared
MLPs to extract individual per-point features and symmetrical aggregation func-
tions to ensure permutation invariance. To further capture wider context of each
point and learn richer local structures, PointNet++ [157] was proposed. This method
groups points in a hierarchical manner and progressively learns from increasingly
large local regions. The challenges posed by non-uniformity and varying densities
of point clouds were addressed through the introduction of multi-scale and multi-
resolution grouping strategies. DGCNN [213] advances the state-of-the-art by pre-
senting a graph-based architecture that models the topological structure through
the use of multiple differentiable Edge-Conv operations. Thomas et al. [193] pro-
posed kernel point convolution as a way to learn spatial correlations in unstruc-
tured point clouds. Unlike traditional convolution on irregular point clouds, this
method performs convolution on predefined regular kernel points.

Point-based methods have gained significant popularity in recent years due
to their intuitiveness and simplicity in handling unstructured point clouds. These
methods usually use shared MLP as the basic unit to learn point-wise feature, with
the goal of learning effective and discriminative 3D representations from irregular
point clouds. To this end, various sophisticated neural modules have been pro-
posed based on the point-based framework. In general, these methods can be
broadly categorized into four categories: 1) Point-wise MLP methods [155, 157,
99, 61, 255, 254, 240, 228], 2) Point convolution methods [179, 93, 222, 114, 102,
108, 193, 140, 163, 122], 3) RNN-based methods [241, 59, 94, 127], 4) Graph-based
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Figure 2.6: We take PointNet as an example to illustrate how existing techniques
handle large-scale 3D point clouds. It can be seen that PointNet divides the 3D
scene into smaller blocks (left) due to its limitations in processing large-scale 3D
point clouds. This leads to inconsistent predictions (right) as the network is unable
to comprehend the complete geometry of the point cloud.

methods [110, 109, 208, 257, 128, 119, 213]. A comprehensive literature review of
point-based methods can be found in my previous survey paper [75] published in
IEEE TPAMI. In this chapter, we will only describe in detail the large-scale point
cloud semantic segmentation method that is closely related to our theme.

The simplicity and intuitiveness of point-based methods have made them at-
tractive to the research community. However, most of these approaches suffer from
high computational and memory costs, as well as limited scalibility when dealing
with large-scale point clouds, due to the complex sampling and local feature ag-
gregation operations involved.

2.2.2 Learning for Large-scale Point Clouds

Given the point clouds acquired by depth sensors, another major challenge is to
efficiently process large-scale 3D point clouds with millions or even billions of
points. This is also crucial for the successful deployment of existing techniques.
However, research in this area is still in its infancy and there is currently no es-
tablished unified framework for addressing this task. As illustrated in Figure 2.6,
PointNet cannot directly process the 3D point cloud of the entire room, hence have
to divide the room into small blocks and then process them one by one. However,
this inevitably causes a loss of overall geometric structure and leads to inconsis-
tent segmentation predictions, as seen in the right top of Figure 2.6, where a table
is misclassified as half table and half chair due to the network’s inability to perceive
the entire geometry.
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Networks for Large-scale Point Clouds. Considering the large-scale and com-
plex geometric structure nature of 3D point clouds, a handful of recent works in-
vestigate to direct use of neural networks to process large-scale 3D point clouds.
This is often achieved through time-consuming over-segmentation preprocessing
or memory-intensive voxelization processing. SPG [110] preprocesses the large
point clouds as geometrically-homogenous superpoints, and then builds super-
point graphs to learn per superpoint semantics. However, both the geometric par-
tition and superpoint graph construction are computationally expensive. The re-
cent FCPN [160] and PCT [42] apply both voxel-based and point-based networks
to process the massive point clouds. Based on the assumption that points are sam-
pled from locally Euclidean surfaces, TangentConv [189] firstly projects the local
surface on the tangent plane and then operates on the projected geometry. De-
spite being able to process large-scale point clouds, it requires a relatively heavy
preprocessing step to calculate the normal.

Sampling Methods for 3D Point Clouds. To reduce the memory and computation
cost of processing large-scale 3D point clouds, a handful of research works have
started to investigate the point cloud sampling strategies used in neural networks.
Existing point sampling approaches [157, 122, 74, 58, 22, 222] can be roughly classi-
fied into heuristic and learning-based methods. Farthest point sampling [157, 122]
is the most commonly used heuristic sampling strategy in recent works. It iter-
atively samples the points most distant to the remaining subset from the entire
point set. Groh et al. [74] use inverse density importance sub-sampling (IDIS) to
preserve points with lower density. Hermosilla et al. [83] utilize Poisson disk sam-
pling (PDS) to achieve a uniform distribution for the sampled points. For learning-
based approaches, Yang et al. [240] introduce Gumbel subset sampling, an end-to-
end learnable and task-agnostic sampling method, to obtain better performance
for downstream tasks. Dovrat et al [58] propose a generator network to directly
generate a point set to approximate the original point set. However, most of these
methods are either ineffective or computationally heavy for large-scale 3D point
clouds.

To summarize, significant progress has been made in point cloud semantic seg-
mentation in recent years, but efficient processing for large-scale 3D point clouds is
still an ongoing challenge. First, the question remains on how to design a lightweight
and efficient network architecture for direct processing of large-scale point clouds
without the need for time-consuming preprocessing. Additionally, another ques-
tion is on how to design a network architecture that can effectively learn complex
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Figure 2.7: A graphical depiction of the progression of data acquisition equipment.
It can be seen that advancements in technology have resulted in the collection of
increasingly comprehensive data, yet the volume of data has also grown expo-
nentially. Sample images adapted from the internet, the images are credited to
[1, 2, 7, 21].

geometric structures in large-scale 3D point clouds. To address these challenges,
I presented RandLA-Net in Chapter 4, which is a lightweight and efficient point
cloud semantic segmentation algorithm framework.

2.3 Semantic Segmentation of 3D Point Clouds with
Weak Supervision

As data acquisition technology improves, it has become possible to collect a wide
range of data types, from 1D signals to 2D images to 3D point clouds, with higher
resolution and more information, as shown in Figure 2.7. However, this also results
in a greater cost for labeling efforts. To address this, research is needed to explore
methods of reducing the reliance on labeled data from the algorithm perspective,
such as weakly or self-supervised learning for 3D point clouds.

2.3.1 Learning with Weak Supervision

In general, existing weakly supervised point cloud semantic segmentation tech-
niques can be roughly divided into: methods learned from limited indirect anno-
tations and limited point annotations.
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2.3.1.1 Limited Indirect Annotations

Instead of using point-level annotations to train segmentation networks, several
methods resort to learning from indirect supervision signals, such as 2D image
labels, sub-cloud level or scene-level annotations.

Learning with 2D supervision. Considering that point-wise dense annotations are
expensive and prohibitive, several approaches have been proposed to learn from
relatively cheap 2D image annotations. In [202], a method namely Label Diffusion
Lidar Segmentation (LDLS) was proposed to utilize 2D segmentation maps from
an aligned camera as supervision signals. A pretrained Mask-RCNN model is first
deployed to generate 2D predictions, label diffusion process is further adopted
through a graph of connections among 3D points and 2D pixels. Later, Wang et al.
[205] propose to leverage sole multi-view 2D segmentation maps, instead of point-
wise 3D labels, as the supervision signal to train the 3D semantic segmentation net-
work. This method employs two subnetworks, the Graph-based Pyramid Feature
Network (GPFN) and Observability Network (OBSNet), to learn both global and
local features, as well as alleviate the occlusion problem caused by projection. In
[261], a weakly-supervised CIVA-Net was proposed to learn volumetric segmen-
tation with only image-level class labels. This method first utilizes 3D Grad-CAM
to train a classification network and generates pseudo voxel-level labels. A cross-
image co-occurrence learning module is further proposed to achieve fine-grained
localization maps. Next, an inter-voxel affinity learning module is proposed to
generate voxel affinity pairs, which further act as the supervision signal for final
semantic segmentation.

To summarize, these methods have demonstrated the feasibility of weakly su-
pervised learning for 3D point clouds using 2D image supervision. However, the
performance is relatively limited due to the occlusion and information loss caused
by projection.

Learning with 3D indirect supervision. In [215], the authors consider the setting
where only sub-cloud level or scene-level labels are available, while the point-level
semantic annotations are not. In this case, a method called MPRM was proposed,
which first trains a classifier using sub-cloud labels, and then generates point-level
pseudo labels using class activation mapping [259]. As a follow-up work, Li et al.
[126] extend the MPRM approach to aerial laser scanning point clouds, introducing
an overlap region loss to exploit the semantic heterogeneity within a subcloud and
an elevation attention unit to improve the quality of the generated pseudo-labels.
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Tao et al. [187] present a grouping network for learning semantic and instance
segmentation of 3D point clouds, using the seg-level labels generated by over-
segmentation pre-processing.

2.3.1.2 Limited Point Annotations

On the other hand, there are a number of methods that have been developed for
achieving 3D point cloud semantic segmentation under weak supervision, where
only a small fraction of semantically-annotated points or superpoints are available
for training. These methods can be broadly classified into four categories: consis-
tency constraint, self-training, label propagation, and active labeling.

Consistency constraint. Consistency training has been demonstrated to be an ef-
fective label-efficient learning paradigm. By enforcing prediction consistency be-
tween different augmentations/perturbations on the same input data, the unla-
beled data could be effectively utilized. Following the consistency training frame-
work, Wu et al. [226] propose a dual adaptive transformations framework, in-
cluding a point-level local adaptive perturbation module and a regional adaptive
deformation module, to enforce the local and structural smoothness constraints
on 3D point clouds. Xu and Lee [234] propose a weakly supervised point cloud
segmentation method by approximating gradients and using handcrafted spatial
and color smoothness constraints. Zhang et al. [249] explicitly added a perturbed
branch, and achieve weakly-supervised learning on 3D point clouds by enforcing
predictive consistency. In [223], PointMatch was proposed by introducing con-
sistency training to weakly-supervised point cloud semantic segmentation. This
method first constructs different views through scene-level data augmentation,
and then enforces the consistency of predictions achieved on different views of the
same 3D scene. An adaptive pseudo-learning scheme is also proposed to improve
the quality of pseudo labels by incorporating the superpoint priors.

Self-Training. Deng et al. [57] propose a superpoint-guided semi-supervised
segmentation network based on the self-training framework. This method first
combines the geometry-based superpoints and color-based superpoints, which are
further used to optimize pseudo labels by leveraging the semantic homogeneity
within each superpoint. An edge prediction module is also proposed to constrain
the features of edge points. Wang et al. [210] introduce entropy regularization
to minimize the entropy of the posterior probability, further decreasing the un-
certainty and improving the prediction confidence. An ensemble prediction con-
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straint and an online soft pseudo-labeling scheme are also utilized to strengthen
the robustness of predictions and leverage additional supervision signals.

Label Propagation. The main idea of this category of methods is to transfer lim-
ited supervision signals from labeled points to unlabeled points, hence achieving
label-efficient learning on 3D point clouds. In [216], cross-sample and intra-sample
feature reallocating modules are introduced to densely propagate supervision sig-
nals within and across point cloud samples. A two-stage training strategy is also
proposed to rationally take advantage of two modules, while avoiding interfer-
ence during training. Cheng et al. [48] proposed a weakly-supervised point cloud
semantic segmentation method called SSPC-Net. This method first divides the
point cloud into superpoints and then utilizes dynamic label propagation and su-
perpoint dropout strategy to generate pseudo-labels for unlabeled superpoints.

Active Labeling. This type of method aims to maximize model performance given
limited annotation budgets through active labeling techniques. Shi et al. [172] con-
ducted a systematic analysis of the deployment of active labeling to 3D point cloud
segmentation. In particular, the granularity of sample selection and annotation
cost metrics are investigated. This paper also identifies that superpoint-level selec-
tion is more cost-efficient compared with point-level and instance-level selection
schemes. In [92], an active labeling framework namely LiDAL is introduced, which
is specially designed for 3D LiDAR point clouds. The key to this method is esti-
mating model uncertainty based on the inconsistency of predictions across frames.
In particular, inter-frame divergence and inter-frame entropy are introduced as the
uncertainty metrics, and the self-training scheme is further used to improve per-
formance. In [221], a Region-based and Diversity-aware Active Learning (ReDAL)
framework is introduced to automatically select informative and diverse small re-
gions as supervision signals. Specifically, softmax entropy, color discontinuity, and
structural complexity are used as the criteria for region evaluation.

In addition to the above, several recent works also explore weakly supervised
semantic segmentation of 3D point clouds. By observing the strong distribution
pattern on the laser beams, Kong et al. [103] proposed LaserMix by leverag-
ing the spatial prior and intertwining laser beams from different LiDAR scans.
Specifically, a representation-agnostic mixing scheme is utilized and a mixing-
based teacher-student training pipeline is proposed. In [129], a weakly supervised
semantic segmentation framework called Less is specially designed for outdoor
LiDAR point clouds. This work first identifies that unbalanced class distribution is
the major challenge for sparse outdoor LiDAR data through a pilot study, and then
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proposes a dedicated framework, including heuristic pre-segmentation, coarsely
component proposal annotation, contrastive prototype learning, and multi-scan
distillation.

2.3.2 Learning with Self-Supervision

Inspired by the success of self-supervised pre-training representation learning in
2D images [43, 81], a number of very recent studies [132, 252, 191, 97, 45] have
started to explore self-supervised learning on 3D point clouds.

Self-supervised Pretraining + Finetuning. These methods usually pretrain the
networks on additional 3D source datasets to learn initial per-point representa-
tions via self-supervised contrastive losses [227, 132, 207, 252, 191, 169, 97, 45], after
which the networks are carefully finetuned on the target datasets with full or par-
tial labels. This noticeably improves the overall performance. Specifically, Saudar
and Sievers [169] learn general 3D representation by recovering the correct voxel
position of every 3D point after the point cloud is randomly shuffled. Sun et al.
propose Canonical Capsules [182] to decompose point clouds into object parts and
elements via self-canonicalization and auto-encoding. In [227], a self-supervised
representation learning framework termed PointContrast was proposed by tak-
ing point cloud registration as the pretext task. Hou et al. [84] further extend
this work to fully exploit the spatial context, rather than the vanilla point-level
correspondence, and introduce a self-supervised learning framework called Con-
trastive Scene Contexts. Later, several sophisticated pipelines including Depth-
contrast [252], P4contrast [132], 4DContrast [47], and CrossPoint [23] have been
proposed. These approaches leverage single/multi-view depth maps and differ-
ent 3D representations (i.e., point and voxel), pairs of RGBD points as constraints,
4D dynamic sequence information and constraints, and cross-modal instance dis-
crimination for contrastive self-supervised pre-training, respectively.

Self-supervised learning of 3D point clouds has the potential to greatly reduce
the cost of annotation by using large amounts of unlabeled data. However, most
existing methods are limited to simple objects and failed to be scaled to complex
large-scale point clouds. Additionally, there are two main challenges that need to
be further addressed: 1) There is a lack of large-scale pre-training datasets for 3D
point clouds, similar to ImageNet [105] for 2D images. 2) a general and unified
backbone framework is required for 3D point cloud self-supervised learning, such
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as ResNet [82] for 2D images. Therefore, future research and development are
required in this field.

Although remarkable progress has been achieved in the field of weakly (self-)
supervised learning of 3D point clouds in recent years, it remains unclear which
weak supervision scheme and what proportion of annotations should use in real
applications. Additionally, the strong local semantic homogeneity of point neigh-
bors in large-scale point clouds is not fully exploited, resulting in limited but valu-
able annotations being underutilized. To address these problems, we systemat-
ically explore several critical issues of weakly-supervised learning of 3D point
clouds in Chapter 5, including weak supervision scheme, performance variations
with annotation ratio, etc., and propose a label-efficient semantic query network to
make full use of the semantic similarity between point neighbors.

2.4 Datasets for Semantic Segmentation of 3D Point
Clouds

The development of effective deep neural networks is heavily dependent on the
availability of high-quality, well-annotated datasets. Existing 3D point cloud datasets
can be roughly categorized according to the oriented tasks, for example, datasets
used for 3D shape classification [225, 37, 55, 197], datasets used for 3D object de-
tection and tracking [175, 55, 69, 11, 35, 181], and datasets used for 3D point cloud
segmentation [28, 170, 167], etc. As this thesis primarily focuses on the semantic
understanding of large-scale 3D point clouds, we will primarily introduce datasets
related to the segmentation task. For a more comprehensive survey of existing
point cloud datasets for different tasks, please refer to the survey in [75].

For 3D point cloud segmentation, existing representative datasets can be fur-
ther categorized into the following four subgroups based on the spatial coverage:

• Dataset of object-level 3D models. Early datasets were primarily focused on
the recognition of individual objects, and typically consisted of a collection
of synthetic 3D CAD models. Representative datasets include the synthetic
ModelNet [224], ShapeNet [37], ShapePartNet [243], PartNet [146] and the
real-world ScanObjectNN [197].Such datasets are generally small in spatial
size. Additionally, they are also cleaner and more complete than real data,
hence commonly used for shape recognition and part segmentation tasks.
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Figure 2.8: A chronological overview of several representative datasets for 3D
point cloud segmentation. The images are adapted from the corresponding
datasets [37, 26, 28, 76, 55, 36, 264, 185, 121, 200].

However, direct application of the trained model on such data to real envi-
ronments can be challenging due to the domain gaps between real and syn-
thetic data.

• Dataset of indoor scene-level 3D scans. These datasets are usually acquired
and further reconstructed by using commodity short-range depth scanners
in indoor environments, including NYU3D [173], SUN RGB-D [176], S3DIS
[26], SceneNN [260], Matterport3D [36] and ScanNet [55]. Additionally, the
SceneNet [79] and SceneNet RGB-D [142] dataset also provide large-scale
photo-realistic rendering of indoor synthetic layouts. S3DIS and ScanNet are
currently the most commonly used indoor datasets for point cloud semantic
segmentation. Notably, ScanNet also offers an online benchmark for evalu-
ating the performance of different semantic segmentation algorithms. Com-
pared with the dataset of object-level 3D models, datasets of 3D indoor point
clouds typically contain more semantic categories and cover a larger spatial
scale, while presenting a more challenging semantic segmentation task.

• Dataset of outdoor roadway-level 3D point clouds. Most of these datasets
are driven by the increasing demand of autonomous driving application, and
usually collected by using modern laser scanner systems, including static
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Terrestrial Laser Scanners (TLS) and Mobile Laser Scanners (MLS). Repre-
sentative datasets include the early Oakland [149], KITTI [70], Sydney Urban
Objects [56] and the recent Semantic3D [76], Paris-Lille-3D [167], Argoverse
[38], SemanticKITTI [28], SemanticPOSS [152], Toronto-3D [185], nuScenes
[35], A2D2 [72], CSPC-Dataset [194], Lyft dataset1 and Waymo dataset [181].
Additionally, synthetic datasets [162, 66] composed of realistic simulation of
LiDAR point clouds are also included. These datasets are usually larger in
spatial scale and more complex in terms of geometry. Additionally, these
datasets often contain more noise and outliers, as well as scanning artifacts
and incomplete scans.

• Dataset of urban-level aerial 3D point clouds. These datasets are usually ac-
quired by professional-grade airborne LiDAR systems, including the recent
DublinCity [264], DALES [200] and LASDU [242]. Although these datasets
have made significant improvements in spatial scale, a major limitation of
these datasets is the lack of color information, which is crucial for fine-grained
semantic understanding of 3D scenarios. Recently, the OpenGF [158] dataset
has started to investigate ultra-large-scale ground filtering datasets. How-
ever, this dataset mainly focuses on the task of ground extraction, instead of
fine-grained semantic understanding.

In summary, recent datasets for point cloud semantic segmentation often fea-
ture various modalities, increasing spatial scales, more detailed information, and
complex geometric structures. These datasets have fueled significant progress in
the field of deep learning-based point cloud semantic segmentation. However,
there remains a need for high-quality, fine-grained, urban-scale 3D point cloud
datasets. To address this gap, we built the SensatUrban dataset, which features
urban-scale point clouds with rich semantic annotations and point-wise color at-
tributes, as described in Chapter 3.

2.5 Evaluation Metrics

The performance of semantic segmentation can be evaluated based on various fac-
tors such as execution time, memory usage, and accuracy. Here, we will primarily

1https://self-driving.lyft.com/level5/data/
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Figure 2.9: Illustration of IoU metrics for semantic segmentation. Figure from [8].

introduce the evaluation metrics used in the subsequent chapters of this thesis, in-
cluding Overall Accuracy (OA), mean class Intersection over Union (mIoU) and mean
class Accuracy (mAcc). For more information, please refer to [68].

mean class Intersection over Union (mIoU). Intersection over Union (IoU) is
a commonly used metric in object detection to quantify the degree of overlap be-
tween two bounding boxes. It is defined as the ratio of the overlapping area to the
combined area of prediction and ground truth. In the field of semantic segmenta-
tion, the prediction result is not necessarily a rectangle but can have any irregular
shape. As a result, IoU in semantic segmentation is more about measuring the ac-
curacy of the predicted point-wise mask in comparison to the ground truth labels,
as shown in Figure 2.9. Considering the existence of multiple categories in seman-
tic segmentation, we first calculate the IoU of each class individually. This means
that the points belonging to a specific category are considered as the foreground,
and the remaining points are considered as the background. The per-class IoU can
be calculated by the following equation:

IoUi =
TPi

TPi + FNi + FPi

(2.1)

where TPi, FNi, FPi is the True Positive, False Negative and False Positive score
of class i, respectively. As shown in Figure 2.9, True Positive refers to the area of
intersection between the ground truth and the segmentation mask. False Positive
refers to the area of the segmentation mask that falls outside of the ground truth,
while False Negative refers to the area of the ground truth that the model failed to
predict. These scores can be calculated using logical operations such as OR, AND,
and their combinations. The IoU values range from 0 to 1, with larger values in-
dicating better results. This metric is particularly useful in semantic segmentation
as it takes into account not only the number of correctly classified points but also
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the number of false positives and false negatives. Further, the mean class IoU is
defined as:

mIoU =
1

N

N∑
i=1

IoUi (2.2)

Overall Accuracy (OA). Similar to the Pascal segmentation convention [62], the
accuracy of a class is calculated as:

Acci =
TPi

TPi + FNi

(2.3)

Further, the overall accuracy of all classes can be defined as:

OA =

∑N
i=1 TPi∑N

i=1(TPi + FNi)
(2.4)

mean class Accuracy (mAcc). As its name suggests, mAcc is the average accu-
racy across all categories, which provides a more comprehensive reflection of the
overall performance across different categories.

mAcc =
1

N

N∑
i=1

Acci (2.5)

2.6 Summary

By reviewing and analyzing relevant research works, we identified several limita-
tions in existing techniques for learning to understand large-scale 3D point clouds.
These limitations can be summarized as follows:

• While numerous 3D point cloud datasets have been introduced in recent
years, featuring various data modalities, increasing spatial scale, and richer
information, there is still a lack of high-quality, richly-annotated urban-scale
3D point cloud datasets. Additionally, the challenges in the semantic under-
standing of large-scale point clouds remain under-explored. To this end, we
proposed an urban-scale photo-realistic photogrammetry point cloud dataset
in Chapter 3 and developed a comprehensive benchmark based on this dataset.
Through extensive experiments, we comprehensively analyzed the unique
challenges faced by semantic understanding of urban-scale point clouds and
provided insightful conclusions. To the best of our knowledge, this is the first
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Figure 2.10: An overview of the thesis.

systematic analysis of the research challenges in semantic understanding of
large-scale 3D point clouds using deep neural networks.

• Although deep neural networks for 3D point cloud semantic segmentation
have made substantial progress recently, most of the existing approaches are
either limited to relatively small 3D point clouds (e.g., object-level 3D mod-
els or indoor scene-level scenarios), or require time-consuming preprocessing
such as over-segmentation to deal with large-scale 3D point clouds. There is
still a lack of an efficient semantic segmentation framework for large-scale 3D
point clouds. To address this issue, we present an efficient and lightweight
framework called RandLA-Net for large-scale 3D point cloud semantic seg-
mentation in Chapter 4. This is achieved by utilizing computationally and
memory-efficient random sampling and hierarchical local feature aggrega-
tion. In particular, the proposed RandLA-Net achieves competitive segmen-
tation performance, while being up to 200 times faster than other related ap-
proaches. .

• Despite significant progress in weakly (self-) supervised learning of 3D point
clouds, it is not clear which weak supervision schemes and how much data
should be annotated for real-world applications. Additionally, the strong
local semantic homogeneity of point neighbors in large-scale point clouds is
not fully utilized, leading to the under-utilization of valuable annotations.
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To address these challenges, we systematically explore several key issues of
weakly-supervised learning of 3D point clouds in Chapter 5, including weak
supervision schemes and performance variations with annotation ratios. We
propose a label-efficient Semantic Query Network (SQN) that leverages the
semantic similarity between point neighbors. This method can achieve close
to or even better performance than fully-supervised methods with only 0.1%
of random sparse annotations. We also present a random sparse annotation
pipeline based on off-the-shelf software, which can save up to 98% of the
annotation cost for large-scale 3D point clouds.

Here, we also provide an overview of this thesis, as depicted in Figure 2.10.
we begin by building a large-scale 3D point clouds dataset in Chapter 3. Our goal
in Chapter 4 is to develop efficient methods for semantic segmentation of these
large-scale point clouds. Finally, we delve into the issue of label-efficient learn-
ing of large-scale 3D point clouds. This in turn inspires us to build cost-effective
large-scale 3D point cloud datasets, since the annotation costs can be significantly
reduced.

33



34



Chapter 3

Towards Urban-Scale 3D Datasets

3.1 Introduction

Giving machines the ability to semantically interpret 3D scenes is a critical com-
ponent for accurate 3D perception and scene understanding. This is also a prereq-
uisite for many real-world applications such as object-level robotic grasping [159],
scene-level robot navigation [198] and autonomous driving [69], or even large-
scale urban 3D modeling, where autonomous machines are required to interact
competently within our physical world. The research in this field faces two key
challenges: acquiring high-quality datasets and developing effective algorithms.
In this chapter, we address the first challenge by establishing high-quality, large-
scale 3D point cloud datasets, and the next two chapters will focus on the devel-
opment of high-performance algorithms.

Recently, an increasingly number of sophisticated neural pipelines have been
proposed based on different representations of 3D scenes, including: 1) 3D voxel-
based methods such as SegCloud [190], SparseConvNet [73], MinkowskiNet [51],
PVCNN [134], Cylinder3D [263] and 2) 2D projection-based approaches such as
RangeNet++ [144], SalsaNext [54] and SqueezeSeg [218], PolarNet [250] and 3)
recent point-based architectures e.g., PointNet/PointNet++ [155, 157], PointCNN
[122], DGCNN [213], KPConv [193], RandLA-Net [90] and PointTransformer [256].

The core of these techniques, however, relies heavily on the wide availabil-
ity of large-scale and high-quality open datasets. The datasets provide realistic
and diverse data resources and act as benchmarks to fairly evaluate and compare
the performance of different algorithms. Existing representative 3D data reposi-
tories can be generally classified as: 1) object-level 3D models such as ModelNet
[224], ShapeNet [37] and ScanObjectNN [197], 2) indoor scene-level 3D scans, e.g.,
S3DIS [26], ScanNet [55], Matterport3D [36] and SceneNN [260], and 3) outdoor
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Figure 3.1: This shows an example of urban-scale point clouds in our SensatUrban
dataset. It is acquired from the city center of York through UAV photogrammetry.
It has a spatial coverage of more than 3 square kilometers and represents a typical
urban suburb.

roadway-level 3D point clouds including Semantic3D [76], SemanticKITTI [28],
NPM3D [167], and Toronto3D [185].

However, there is no large-scale photo-realistic 3D point cloud dataset available
for fine-grained semantic understanding of urban scenarios. Moreover, it remains
an open question as to whether existing techniques can be scaled to these urban-
scale point clouds. Firstly, in contrast to existing datasets for objects, rooms, or
streets which are usually less than 200m in scale, the urban-scale datasets collected
by aerial platforms typically span extremely wide areas, e.g., kilometres. How
to efficiently and effectively preprocess massive point sets (e.g., over 108) to feed
into neural networks is a particular question of interest. Secondly, existing pho-
togrammetric mapping techniques allow reconstructing photo-realistic colorized
point clouds. Along with the 3D spatial coordinates, is the inclusion of appear-
ance beneficial to semantic understanding and what is the impact if any? Thirdly,
real-world urban scenarios usually exhibit extreme class imbalance. The major-
ity of points are dominated by categories such as ground and vegetation, while
the critical categories such as rail and water only occupy a small proportion of
the total number of points. Fourthly, and potentially most importantly, what is
the generalization performance of existing deep neural networks? Can a trained
model be well-generalized to unseen data, particularly from a different region? or
even generalized to different dataset? Lastly, is it possible to learn semantics with
sparser labels? How can we unleash the potential of self-supervised pre-training
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and semi-supervised learning on 3D point clouds?
In this chapter, we take a step towards resolving the above issues. In particu-

lar, we first build a UAV photogrammetric point cloud dataset called SensatUrban
for urban-scale 3D semantic understanding. This dataset covers 7.6 km2 of urban
areas in three UK cities i.e., Birmingham, Cambridge, and York (Figure 3.1), along
with nearly 3 billion richly annotated 3D points. Each point in the Birmingham
and Cambridge set is enriched with one of 13 predefined semantic categories such
as ground, vegetation, car, etc., while the points in York remain unlabeled for po-
tential semi-supervised researches. The 3D point clouds are reconstructed from
highly overlapped sequential aerial images captured by a professional-grade UAV
mapping system. For more detailed data acquisition pipelines, please refer to Sec-
tion 3.2. Compared with existing 3D datasets, the uniqueness of our SensatUrban
lies in two aspects:

• Urban-scale spatial coverage. In contrast to existing datasets which mainly fo-
cus on objects [224, 37], rooms [260, 26, 55] and roadways [76, 28, 167, 185], the
point clouds in our SensatUrban dataset continuously cover several square kilo-
meters of real-world urban areas, opening up new opportunities towards urban-
scale applications such as smart cities, and national infrastructure planning and
management.

• Photo-realistic and dense point clouds. Our dataset is reconstructed from high-
resolution aerial images captured by professional calibrated cameras. Unique
aerial images from nadir (top-down) and oblique perspectives for the entire
landscape of cities are also provided for optimized and high-quality point clouds.
Naturally, the geometric patterns, textures, natural colors, point density, and
distributions are distinct from existing LiDAR-based datasets.

Based on the proposed SensatUrban dataset, we further highlight several new
challenges faced by generalizing existing segmentation algorithms to urban-scale
point clouds in Section 3.4. In particular, these challenges include urban-scale data
preparation, the usage of color information, learning from extremely imbalanced
class distribution, cross-city generalization, and weakly and self-supervised learn-
ing from urban-scale point clouds. Note that, this chapter does not aim to fully
tackle these challenges, but to unveil them and provide insights to the community
for future exploration.

To summarize, the main contributions of this chapter are as follows:
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• The creation and introduction of a new, urban-scale photogrammetric point
cloud dataset for 3D semantic understanding, with an unprecedented spatial
coverage at fine scale and rich semantic annotations.

• A comprehensive benchmark for semantic segmentation of urban-scale point
clouds is provided, including extensive experimental results and detailed anal-
ysis of several state-of-the-art approaches.

• The identification and discussion of the challenges encountered when generaliz-
ing existing neural pipelines to handle extremely large-scale point clouds, along
with a comprehensive outlook on future directions for 3D semantic learning.

This work was carried out in collaboration with Sensat1, where they were re-
sponsible for the acquisition, reconstruction of urban-scale photogrammetry point
clouds, and we worked together on determining the relevant semantic categories
of interest and annotating the urban-scale point clouds through intensive discus-
sion (Section 3.2). My specific contribution includes building the benchmark for
urban-scale 3D point cloud semantic segmentation (Section 3.3), conducting ex-
tensive experiments, and analyzing the unique challenges faced in semantic seg-
mentation of urban-scale point clouds (Section 3.4), and providing insights and
future outlook based on the experimental findings (Section 3.5). Additionally, I
also played a key role in composing the manuscript.

This work was first published in [88], and then extended to a journal [89] with
more details about the data collection and point cloud reconstruction, additional
experimental results and analysis in cross-dataset generalization, and weakly su-
pervised semantic segmentation of urban-scale point clouds. It is also worth men-
tioning that we have organized two challenges on large-scale point cloud analysis
for urban scene understanding, held in ICCV 2021 and ECCV 2022 based on the
proposed SensatUrban dataset. This also further boosts the development of deep
learning in urban-scale 3D scene understanding. For more details, please refer to
https://urban3dchallenge.github.io/.

3.2 Dataset Acquisition and Annotation

In this section, we first describe how we collect (Sec. 3.2.1) and reconstruct (Sec.
3.2.2) the urban-scale 3D point clouds using UAV photogrammetry techniques,
followed by the detailed procedures to label the dataset over several large urban
areas in the UK (Sec. 3.2.3).

1https://www.sensat.co/
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eBee X Fixed-Wing Mapping Drone
senseFly S.O.D.A. 3D 

photogrammetry camera

Figure 3.2: The drones and cameras we used in the urban survey. Sample images
adapted from the internet, the images are credited to [15, 16].

3.2.1 Sequential Aerial Imagery Acquisition

Considering the clear advantages of UAV photogrammetry over similar mapping
techniques (such as LiDAR) in terms of cost, data quality, and practicality, we
adopt a cost-effective fixed-wing mapping drone, Ebee X2, equipped with a cutting-
edge Sensefly S.O.D.A. camera, to stably capture high-resolution aerial image se-
quences, as shown in Figure 3.2. Note that, the camera has the ability to take both
oblique and nadir photographs, ensuring that vertical surfaces are captured ap-
propriately. The detailed specification of the camera can be found in Table 3.1.

In order to fully and evenly cover the survey area, all flight paths are pre-
planned in a grid fashion and automated by the flight control system (e-Motion).
Several factors have been taken into consideration during the data collection work-
flow: the area covered, the flying permissions, the level of detail required, and the
resolution needed, etc. In light of the limited battery capacity, multiple individual
flights are applied in sequence to capture the whole site (each flight lasts between
40-50 minutes). For illustration, Figure 3.3 shows the paths of the pre-planed mul-
tiple flights to cover the selected area in Cambridge city.

These multiple aerial image sequences can then be geo-referenced by Ground
Control Points (GCPs) which can be measured by independent professional sur-
veyors with high precision GNSS equipment. Alternatively, the Cambridge data is
directly geo-referenced using a highly precise onboard Realtime Kinematic (RTK)
GNSS and the final horizontal and vertical RMSEs are ±50 mm and ±75 mm, re-
spectively (note they can be improved by introducing GCPs). As a comparison,
the expected positioning accuracy of point clouds acquired by airborne LiDAR is

2https://www.sensefly.com/drone/ebee-x-fixed-wing-drone/
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(a) Multi-flights survey

(b) Zoomed-in single flight 
survey

Figure 3.3: An illustration of the survey in a region of Cambridge. A total of 9
flights were carried out together to cover the whole site. Different flight paths of
UAVs are represented in lines with different colors. Note that, the drones fly in a
grid fashion (i.e., perpendicular flight) to capture more details of the facades of the
urban environment. The circular path is the takeoff and landing pattern.

around 5 to 10 cm, depending on the equipment quality, flying configuration, post-
processing, etc. [253]. The resolution (point density) of our data depends on the
number of input images and 3D reconstruction settings. Normally, photogram-
metric point clouds are very dense from the process of dense image matching and
so need to be subsampled. In our case, all points are subsampled to 2.5 cm, which
is denser than most LiDAR data such as DALES [200].

3.2.2 Urban-Scale 3D Point Clouds Reconstruction

Our SensatUrban dataset is reconstructed by using the well-established Structure-
from-Motion with Multi-View Stereo (SfM-MVS) techniques[217] on the highly
overlapped 2D aerial image sequences. The camera positions and orientation, and
the scene geometry are first recovered simultaneously using a highly redundant it-
erative bundle adjustment, based on matched features extracted from overlapping
offset images. The multi-view stereo image matching technique is then applied to
reconstruct dense and coloured 3D point clouds.

In this thesis, we use the off-the-shelf software Pix4D3 to generate the 3D point
clouds and orthomosasics. The final outputs of the survey include reconstructed

3https://www.pix4d.com/
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Table 3.1: Detailed specifications of the camera (i.e., Sensefly SODA 3D camera)
used in our survey.

Specification
Sensor size 1 inch

RGB Lens F/2.8-11, 10.6 mm (35 mm equivalent: 29 mm)
RGB Resolution 5,472 x 3,648 px (3:2)

Exposure compensation ±2.0 (1/3 increments)
Shutter Global Shutter 1/30 – 1/2000s

White balance Auto, sunny, cloudy, shady
ISO range 125-6400
RGB FOV Total FOV: 154°, 64° optical, 90° mechanical

GNSS RTK/PPK

3D point clouds, 2D orthomosaic images, and 2.5D Digital Surface Model (DSM).
In this work, we focus on the 3D point clouds, while the byproduct orthomosaics
are only used for visualization purposes. Specifically, we feed all the captured se-
quential images to Pix4D to generate the 3D point clouds of each region, including
the urban area on the periphery of Birmingham, the urban region adjacent to the
city centre of Cambridge, and the central area of York. The statistics of the final
output point clouds are summarized in Table 3.2.

Table 3.2: Statistics of the reconstructed 3D point clouds in different cities. The area
of the surveyed region and the number of generated points are reported.

City Area (km2) Number of Points
Birmingham 1.2 569,147,075
Cambridge 3.2 2,278,514,725

York 3.2 904,155,619
Total 7.6 3,751,817,419

3.2.3 Point-wise Semantic Annotations

To provide fine-grained information of our dataset for subsequent tasks, we further
enrich the reconstructed 3D point clouds with point-wise semantic annotations.
However, it is non-trivial and particularly important to decide the categories of in-
terest before manual annotation. In this thesis, we specify the semantic categories
based on the following three principles: 1) Each annotated category should be of
interest to social or commercial purposes, such as asset management [85], auto-
mated structural damage assessment [71], and urban planning [86], etc. 2) Each
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Figure 3.4: Visualization of example point cloud tiles in our SensatUrban dataset.
Top: the raw point clouds. Bottom: the semantic annotations of corresponding
point clouds. Points belonging to different semantic categories are displayed in
different colors.

category should have a clear and unambiguous semantic meaning. 3) Different
categories should have significant variance in terms of geometric structure or ap-
pearance.

Based on these three criteria, we first labeled the point cloud as highly de-
tailed 31 categories via off-the-shelf point cloud labeling tools (i.e., CloudCom-
pare), including fine-grained urban elements such as benches, bollards, road signs,
traffic lights, etc. Considering the scarcity of data points in certain categories, we
merged some similar categories together and finally identified the below 13 se-
mantic classes for all the 3D points in Birmingham and Cambridge. The detailed
definition of the semantic categories are shown in Table 3.3. The points in York
remain unlabeled, but made available for possible pre-training in semi-supervised
schemes. To ensure the annotation quality, all points are annotated independently
by two professional operators in the first round. This is followed by cross-validation
in the second round. We also give timely and regular feedback to annotators to ad-
dress potential issues. All discrepancies in the annotation are carefully addressed,
greatly reducing the biases from operators and keeping the annotations consistent
and high quality. It takes around 600 working hours to label the entire dataset, and
there are no unassigned points discarded in the process. Figure 3.4 shows exam-
ples of our annotations. Table 3.4 compares the statistics of our SensatUrban with
a number of existing 3D datasets.

Note that, our SensatUrban dataset not only incorporates common categories
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Table 3.3: Class definitions and ordering of our SensatUrban dataset.

Class number Class name Definition
1 Ground impervious surfaces, grass, terrain
2 Vegetation trees, shrubs, hedges, bushes
3 Building commercial / residential buildings
4 Wall fence, highway barriers, walls
5 Bridge road bridges
6 Parking parking lots
7 Rail railroad tracks
8 Traffic Road main streets, highways, drivable areas
9 Street Furniture benches, poles, lights

10 Car cars, trucks, jeeps, SUVs, HGVs
11 Footpath walkway, alley
12 Bike bikes / bicyclists
13 Water rivers / water canals

such as ground, building, and vegetation, but also involves several new categories
that were not included in the previous urban-scale point cloud datasets [200, 264],
such as rail, bridge, and water. In particular, these categories are derived by dis-
cussing with the industry professionals, and are particularly important for urban
planning and infrastructure mapping.

The SensatUrban dataset has been made publicly available4, all point clouds
and the point-wise ground-truth label of the training set are provided for network
training, and an online hidden test set5 is used to evaluate the final segmentation
performance. To prevent overfitting on the test set, the maximum number of sub-
missions is also limited.

3.3 Benchmarks

3.3.1 Statistics of Train/Val/Test Split

Based on the proposed SensatUrban dataset, we further set up a benchmark to
evaluate the performance of existing state-of-the-art segmentation methods. No-
tably, we first follow DALES [200] to divide the urban-scale point clouds into sim-
ilarly sized small tiles (without overlap), so that existing methods can be trained
and tested on modern GPUs. Specifically, the urban point clouds collected in Birm-
ingham have been split into 14 tiles, and the Cambridge point clouds are similarly

4http://point-cloud-analysis.cs.ox.ac.uk
5https://competitions.codalab.org/competitions/31519
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Figure 3.5: Additional examples of our SensatUrban dataset. Different semantic
classes are labeled by different colors. The top two rows are point clouds collected
from Birmingham, and the bottom two rows are point clouds acquired from Cam-
bridge.

divided into 29 tiles in total. Note that, each tile is approximately 400×400 square
meters. We also report the detailed statistics of the training/validation/testing
subsets in both Birmingham and Cambridge in Figure 3.6. It can be seen that
the number of points belongs to different semantic categories varies greatly. For
example, the dominant three semantic categories, i.e., ground / building / vegeta-
tion, together account for more than 50% of the total points. However, the minor
yet important two categories (e.g., bike / rail) only account for 0.025% of the total
points. This clearly shows that the class distribution of our SensatUrban dataset
is extremely imbalanced, which is in correspondence with the long-tailed distribu-
tion of real data. As described in Sec. 3.3, the imbalanced distribution nature of
our dataset also poses great challenges in generalizing the existing segmentation
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Figure 3.6: Statistics of our SensatUrban dataset. The number of points in different
semantic categories is reported. Please note that the vertical axis is on the logarith-
mic scale. Additionally, there are no points annotated as rail in Cambridge.

approaches.

3.3.2 Representative Baselines

To comprehensively evaluate the performance of existing point cloud segmenta-
tion pipelines on urban-scale point clouds, we carefully select 6 representative ap-
proaches, which cover the three mainstream paradigms as discussed in Section
2.2, as solid baselines in our SensatUrban benchmark. A short summary of these
baselines are as follows:

• SparseConvNet [73]. A strong baseline that introduces the submanifold sparse

46



convolutional networks for efficient semantic segmentation of 3D point clouds.
This method and its follow-up works [51, 78] lead the ScanNet benchmark.

• TangentConv [189]. This method introduces tangent convolution, which oper-
ates directly on surface geometry, for large-scale point clouds processing. In
particular, the 3D point clouds are first projected as tangent images, followed by
2D convolutional networks.

• PointNet [155]. This is the pioneering work for directly operating on orderless
point clouds by using shared MLPs and symmetrical max-pooling aggregation.

• PointNet++ [157]. This is the follow-up work of PointNet. It introduced multi-
scale/resolution grouping to extract local geometrical patterns, and farthest point
sampling to reduce memory and computational cost.

• KPConv [193]. This approach presents a powerful kernel point convolution to
learn spatially correlation from unstructured 3D point clouds. A set of rigid or
deformable kernel points are placed to learn varying local geometries. It has
achieved state-of-the-art performance on the aerial DALES dataset [200].

• SPGraph [110]. This is one of the first learning-based frameworks that capable
of processing large-scale point clouds with millions of points. The pipeline com-
posed of geometrically homogeneous partition, followed by superpoint graph
construction and contextual segmentation. It is one of the top-performing ap-
proaches on the Semantic3D dataset.

3.3.3 Evaluation Metrics

Similar to most of the existing 3D point cloud benchmarks [76, 28, 26], Overall Ac-
curacy (OA), mean class Accuracy (mAcc), and mean Intersection-over-Union (mIoU)
are adopted as the primary evaluation criteria of our SensatUrban benchmark. The
detailed formulation of these metrics could be found in Section 2.5.

3.3.4 Benchmark Results

We then evaluate the performance of the aforementioned baselines on our urban-
scale SensatUrban dataset. The quantitative results including the per-class IoU
scores are reported in Table 3.5. We strictly followed the publicly available imple-
mentation of each baseline as described in their respective original manuscripts.
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Table 3.5: Evaluation of selected baselines on our SensatUrban benchmark. We
evaluate on 13 predefined semantic categories using the Overall Accuracy (OA,
%), mean class Accuracy (mAcc, %), mean IoU (mIoU, %), and per-class IoU (%).
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PointNet [155] 80.78 30.32 23.71 67.96 89.52 80.05 0.00 0.00 3.95 0.00 31.55 0.00 35.14 0.00 0.00 0.00
PointNet++ [157] 84.30 39.97 32.92 72.46 94.24 84.77 2.72 2.09 25.79 0.00 31.54 11.42 38.84 7.12 0.00 56.93

TangentConv [189] 76.97 43.71 33.30 71.54 91.38 75.90 35.22 0.00 45.34 0.00 26.69 19.24 67.58 0.01 0.00 0.00
SPGraph [110] 85.27 44.39 37.29 69.93 94.55 88.87 32.83 12.58 15.77 15.48 30.63 22.96 56.42 0.54 0.00 44.24

SparseConv [73] 88.66 63.28 42.66 74.10 97.90 94.20 63.30 7.50 24.20 0.00 30.10 34.00 74.40 0.00 0.00 54.80
KPConv [193] 93.20 63.76 57.58 87.10 98.91 95.33 74.40 28.69 41.38 0.00 55.99 54.43 85.67 40.39 0.00 86.30

This ensured that all methods were subjected to consistent and equivalent train-
ing and evaluation procedures. To ensure a fair comparison, the training of each
method was performed on the same training data split, while evaluation was per-
formed on the same test split.

Not surprisingly, the performance of all baselines shows varying degrees of
degradation, compared with that achieved in other similar aerial point cloud datasets
[200]. Specifically, the recent KPConv [193] shows the best mIoU performance, but
only with a mIoU score of 57.58%, which is still far from satisfactory in practice. In
particular, several infrastructure-oriented semantic categories such as rail, footpath,
and bridge are poorly segmented. Additionally, we also noticed that the category
bike is completely misclassified by all baselines. In general, all baselines are more
likely to achieve better segmentation performance in categories with simple ge-
ometrical structure and dominant proportion, such as ground, vegetation, building
and car, while achieving relatively limited performance on categories such as wall,
bridge, and water. Additionally, different baselines have vastly different perfor-
mances in individual semantic categories, without a clear leader. Overall, there
remain several particular challenges for selected baselines to achieve satisfactory
segmentation performance in the proposed city-scale SensatUrban dataset. Mo-
tivated by this, we then dive deep into the challenges that arise from our new
urban-scale dataset.

3.4 Challenges

In this section, we further analyze the key challenges to generalize existing deep
segmentation models to urban-scale photogrammetry point clouds. In particular,
we first identify several unique challenges from the perspective of dataset char-
acteristics. Next, we further explore the potential solutions and perform specific
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Table 3.6: Semantic segmentation results achieved by selected baselines [155, 157]
with different input preparation steps. Note that, the performance of all baselines
is evaluated on the original point clouds, instead of a downsampled point cloud.
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PointNet [155] Grid Constant Number 90.57 56.30 49.69 83.55 97.67 90.66 22.56 43.54 40.35 9.29 50.74 29.58 68.24 29.27 0.00 80.55
PointNet [155] Grid Constant Volume 88.27 49.80 42.44 80.20 96.43 87.88 8.45 35.14 32.52 0.00 43.03 19.26 54.66 18.26 0.00 75.87
PointNet [155] Random Constant Number 90.34 55.17 48.49 83.47 97.51 90.89 18.55 33.31 42.82 11.85 47.95 26.83 68.37 29.12 0.00 79.71
PointNet [155] Random Constant Volume 88.09 48.45 41.68 79.82 96.24 87.64 5.69 27.70 34.98 0.00 42.85 13.81 54.29 20.64 0.00 78.24

PointNet++ [157] Grid Constant Number 93.31 66.08 58.81 86.18 98.73 95.04 63.68 51.17 55.26 0.00 60.47 46.66 82.49 40.87 0.00 84.01
PointNet++ [157] Grid Constant Volume 91.96 59.59 52.54 85.34 98.57 94.21 54.25 31.60 42.40 0.00 51.87 36.90 77.43 28.85 0.00 81.54
PointNet++ [157] Random Constant Number 93.03 64.72 58.22 85.81 98.72 94.70 59.52 57.60 52.44 0.00 58.79 46.32 82.16 38.41 0.00 82.41
PointNet++ [157] Random Constant Volume 91.60 56.40 50.12 84.86 98.47 93.65 51.48 15.03 39.56 0.00 50.26 36.25 75.80 28.06 0.00 78.19

experiments to verify the effectiveness. Note that, this chapter is not aiming to
introduce specific new algorithms to solve all these challenges, but hopes to point
out unresolved issues and provide in-depth analysis and insights, eventually stim-
ulate the development of fine-grained urban-scale point cloud understanding.

3.4.1 Data Preparation

Considering the limited memory of modern GPUs, it is infeasible and unrealistic to
directly accommodate and process urban-scale point clouds with billions of points
in practice. As a result, the original point cloud data are usually partitioned into
small pieces or downsampled before feed into existing neural architectures, so as to
find a trade-off between the computational efficiency and segmentation accuracy.

In particular, the early works including PointNet [155], PointNet++ [157], and
their variants usually first divide the large point clouds into equally-sized small
blocks with partial overlap (e.g., 1m×1m blocks in the S3DIS dataset [26]). How-
ever, the final segmentation performance is highly-sensitive to the input block size.
Large blocks with massive points lead to an unaffordable GPU memory cost, while
small blocks inevitably break the objects’ geometrical structure. Recent works such
as KPConv [193] and RandLA-Net [90] resort to grid or random down-sampling
at the beginning to reduce the total amount of points. Additionally, several other
works [241] applied different partitioning or downsampling steps to preprocess
the raw point clouds. Overall, various data preparation steps are intensively-
involved in existing neural pipelines, but there are still no standard and princi-
pled preparation steps in literature, not to mention comprehensive evaluation and
analysis.

To further investigate the impact of different data preparations on the final seg-
mentation performance, we standardized a unified two-step data preprocessing
framework. The detailed descriptions are as follows:
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• Step 1. Reducing the redundant points in the original point clouds through
downsampling at the very beginning. This can be achieved by using 1) ran-
dom downsampling or 2) grid-downsampling as described in [193]. In particu-
lar, random downsampling has superior computational and memory efficiency,
while grid downsampling is robust to varying point densities. Both methods
can effectively reduce the total amount of points.

• Step 2. Iteratively feeding mini-batches of point subsets into the network. This
can be achieved through the use of efficient space partitioning data structures,
such as a KDTree, to query either constant-number point subsets or constant-
volume point subsets from specific regions. Constant-number input sets were
obtained by querying a fixed number of neighboring points in relation to a spe-
cific point, as described in [90]. On the other hand, constant-volume input sets
were generated by cropping fixed-size point cloud chunks (e.g. cubes, spheres)
centered on a specific point, as described in [155, 157]. The query points were
randomly initialized and dynamically updated as outlined in [193].

To evaluate the impact of 4 different combinations of both Step 1 and Step 2
on the segmentation performance, we select two representative approaches Point-
Net [155] and PointNet++ [157] as the baselines. For a fair comparison, we set the
grid size for grid downsampling as 0.2m, while the downsampling ratio is set to
1/10, so as to keep similar number of points after downsampling operation. For
constant-number inputs, we implement this by using a prebuilt KDTree to query
a fixed number of neighboring points of the center point as inputs. For constant
volume inputs, we first crop a fixed-size volume (e.g., 8m×8m block) around the
center point, followed by random down(up)-sampling to align the number of dif-
ferent input sets. Note that, to ensure a fair comparison, the output point-wise
semantic predictions are finally back-projected to the original input point clouds
through the nearest neighbor assignment. The training/validation/test split fol-
lows the scheme introduced in 3.3.1.

Analysis. Table 3.6 reports the quantitative semantic segmentation scores achieved
by baseline approaches with different input preparations. Table 3.7 shows the
number of points left after downsampling, and the detailed time used for down-
sampling. It can be seen from the results that:

• The constant number input sets consistently outperform constant volume input
sets in both baseline approaches. This is due to the more uniform density of
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Table 3.7: Comparison of the grid downsampling and random downsampling at
the beginning of data preparation.

Number of points
after sampling

Time
consumption(s)

Grid downsample 220,671,929 1107
Random downsample 270,573,783 129

constant number schemes, which leads to learn a more effective feature repre-
sentation.

• Both PointNet and PointNet++ exhibit slightly improved segmentation perfor-
mance when using grid downsampling as opposed to random downsampling.
However, the grid downsampling method consumes significantly more time
(129s vs. 1107s) when evaluated on the same hardware configuration (Intel
Core™ i9-10900X CPU and NVIDIA RTX 3090 GPU).

To summarize, our experiments demonstrate the importance of data prepara-
tion for the semantic segmentation performance. Although this issue has been
overlooked by the community for a long time, we show that the same network
architecture can bring up to 10% performance gap, when equipped with different
data preparation steps. Therefore, it is desirable and encouraged to further inves-
tigate the effective data preparation schemes, especially for our urban-scale point
cloud datasets.

3.4.2 Geometry vs. Appearance

Different from the point clouds acquired by the airbone LiDAR sensors [200, 167,
28, 264] , the point clouds in our SensatUrban are colorized with fine-grained point-
wise RGB information. Intuitively, the additional color features can provide infor-
mative appearance, further enable existing neural architectures to distinguish be-
tween heterogeneous semantic categories with similar geometrical structure (e.g.,
grass on the ground). However, the additional color information may also intro-
duce distractors, which in turn deteriorate the final performance.

Existing techniques usually integrated the RGB color as additional channels of
the input feature map feed into the network. However, the recent ShellNet [254]
learn the semantics from the pure spatial coordinates, but also achieves surpris-
ingly good results. Overall, it remains an open question whether, and how, the
color information impacts the final segmentation performance. To this end, we
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Table 3.8: Evaluation of semantic segmentation performance of five selected base-
lines on our SensatUrban dataset with/without the usage of color information.
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PointNet [155] (w/o RGB) 83.50 33.52 28.85 67.35 92.66 84.72 16.02 0.00 13.65 2.68 17.09 0.33 54.54 0.00 0.00 26.04
PointNet [155] (w/ RGB) 90.57 56.30 49.69 83.55 97.67 90.66 22.56 43.54 40.35 9.29 50.74 29.58 68.24 29.27 0.00 80.55

PointNet++ [157] (w/o RGB) 90.85 56.94 50.71 79.05 98.37 94.22 66.76 39.74 37.51 0.00 51.53 38.82 81.71 5.80 0.00 65.68
PointNet++ [157] (w RGB) 93.10 64.96 58.13 86.38 98.76 94.72 65.91 50.41 50.53 0.00 58.40 46.95 82.31 38.40 0.00 82.88

SPGraph [110] (w/o RGB) 84.81 42.12 35.29 69.60 94.18 88.15 34.55 20.53 15.83 16.34 31.44 10.54 55.01 0.98 0.00 21.57
SPGraph [110] (w RGB) 85.27 44.39 37.29 69.93 94.55 88.87 32.83 12.58 15.77 15.48 30.63 22.96 56.42 0.54 0.00 44.24

KPConv [193] (w/o RGB) 91.47 57.43 51.79 80.43 98.82 94.93 74.17 44.53 32.11 0.00 54.32 37.83 84.88 14.48 0.00 56.79
KPConv [193] (w RGB) 93.92 71.44 64.50 87.04 99.01 96.31 77.73 58.87 49.88 37.84 62.74 56.60 86.55 44.86 0.00 81.01

further conduct comparative experiments to verify the impact of the color informa-
tion to the final segmentation performance. In particular, four baselines including
PointNet/PointNet++ [155, 157], SPGraph [110], and KPConv [193] are selected
for 8 groups of experiments. To evaluate the impact of incorporating additional
appearance information on the performance of the methods, each baseline was
trained using either 3D coordinates alone or in combination with RGB appearance.
The experimental procedures for training and testing were maintained consistent
with those described in Section 3.4.1.

Analysis. We report the quantitative results achieved by the selected five base-
lines with/without the usage of color in the input point clouds. We can see that:

• All of PointNet/PointNet++, and KPConv achieve significant performance im-
provement when the color features are utilized, compared with the use geomet-
rical coordinates alone. It is noted that categories with significant performance
improvements include bridge, footpath, and water, since these categories are geo-
metrically indistinguishable.

• We also noticed that the performance improvement of SPGraph is relatively
marginal (only 2%) compared with other baseline approaches. This is likely due
to the homogeneous geometrical partition used in its framework, which purely
relies on the geometrical structure but ignores the informative color.

Apart from the quantitative results, we also explicitly visualize the qualitative
results achieved by these baselines in Figure 3.7. To summarize, our experiments
highlight the importance of color information to the fine-grained understanding
of urban-scale point clouds, reflecting the advantages of our SensatUrban dataset
over other existing aerial point clouds datasets collected by LiDAR, such as DALES
[200], NPM3D [167], and DublinCity [264]. In particular, the color information is
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Table 3.9: Evaluation of semantic segmentation performance of PointNet [155] and
PointNet++ [157] with different loss functions. To avoid ambiguity and repetition,
we use PointNet2 instead of PointNet++ in the Table below.
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PointNet+ce [155] 90.57 56.30 49.69 83.55 97.67 90.66 22.56 43.54 40.35 9.29 50.74 29.58 68.24 29.27 0.00 80.55
PointNet+wce [90] 88.13 68.05 51.24 81.01 97.12 87.87 24.46 45.76 47.78 34.93 49.82 29.58 61.28 31.78 0.00 74.67

PointNet+wce+sqrt [24] 89.72 67.97 52.35 82.87 97.33 90.42 28.32 44.94 48.39 32.07 49.58 32.63 65.11 32.59 2.60 73.71
PointNet+lovas [29] 89.58 67.50 52.53 82.74 97.27 90.28 28.11 43.89 48.53 33.58 49.68 32.21 64.01 33.05 1.46 78.13

PointNet+focal [125] 89.46 67.33 52.37 82.47 97.34 90.25 28.36 51.87 46.40 30.50 48.62 32.43 65.00 32.23 1.21 74.10

PointNet2+ce [157] 92.49 62.57 56.00 85.58 98.69 94.10 61.26 47.58 46.23 0.00 54.98 43.42 80.80 34.01 0.00 81.29
PointNet2+wce [90] 90.69 71.19 54.97 82.48 98.37 92.57 54.07 47.51 49.24 4.90 55.44 38.18 81.26 35.87 0.00 74.71

PointNet2+wce+sqrt [24] 90.80 73.80 54.66 83.16 98.39 93.03 58.44 37.77 47.27 15.80 51.26 37.00 78.71 36.26 0.34 73.19
PointNet2+lovas [29] 91.59 77.42 57.86 83.72 98.52 94.02 61.86 40.60 51.72 22.88 54.78 42.14 81.80 37.18 9.68 73.30

PointNet2+focal [125] 90.90 75.16 55.47 82.82 98.45 93.19 56.00 43.27 46.76 16.35 52.43 39.63 80.49 35.35 2.81 73.57

particularly important for distinguishing heterogeneous categories with consistent
geometric structures (e.g., grass on the road), enabling a higher level of semantic
understanding. This also provides insights for future aerial mapping campaigns,
where color information and even other spectral bands may be useful for the se-
mantic understanding.

3.4.3 The Impact of Skewed Class Distribution

Although data preparations and the usage of color information have been consid-
ered, it is still noted that the performance of different semantic categories varies
greatly. For example, all baseline methods can achieve excellent segmentation per-
formance on vegetation, with IoU scores up to 99%, while completely failing in de-
tecting rare patterns such as bikes. Fundamentally, this is because of the extremely
imbalanced distribution of our dataset. As illustrated in Figure 3.6, the SensatUr-
ban dataset is dominated by categories such as ground/vegetation/building, which
are commonly appeared in urban areas of modern cities. However, categories
such as rail/bike, despite being highly important for infrastructure-oriented appli-
cations, occur much less frequently than the prevalent categories. As consequence,
the selected baselines show a biased tendency towards the prevalent categories
during inference, due to the scarce occurrence of the under-represented categories.

It remains an open question to learn from training data with skewed distri-
butions. In this thesis, we attempt to alleviate this problem from the perspective
of the loss function. In particular, advanced loss functions are utilized to adap-
tively re-weight the contributions of each point that belongs to different categories,
eventually guiding the network to achieve a more balanced performance across
different categories. Specifically, by taking PointNet and PointNet++ as baselines,

53



Table 3.10: Cross-city generalization performance of selected baselines on our Sen-
satUrban dataset. All baselines are trained on the training split of Birmingham. The
top five records show the testing results on the testing split of Birmingham, while the
bottom five rows show the scores on the testing split of Cambridge (cross-city).
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PointNet [155] 87.33 54.76 48.73 80.91 94.58 87.40 33.69 0.51 66.23 16.98 49.55 36.08 74.59 1.49 0.00 91.51
PointNet++ [157] 89.85 64.24 57.39 84.34 97.11 89.74 61.56 3.78 68.08 41.95 54.43 51.54 84.73 14.43 0.00 94.34

SPGraph [110] 80.13 42.87 36.95 65.75 93.33 87.24 41.28 0.00 42.69 20.94 2.28 32.05 64.06 0.00 0.00 30.76
KPConv [193] 91.44 68.41 61.65 86.00 97.66 92.90 75.07 0.91 69.74 55.50 57.94 60.73 89.48 21.44 0.00 94.13

PointNet [155] 86.06 38.56 29.70 74.94 94.57 85.38 8.62 13.42 16.47 0.00 38.64 14.27 36.96 0.09 0.00 2.75
PointNet++ [157] 89.46 44.64 36.93 77.68 97.28 91.95 54.59 0.52 15.84 0.00 42.08 29.00 67.71 0.24 0.00 3.16

SPGraph [110] 82.02 24.83 20.70 61.72 88.26 78.27 8.29 0.00 0.00 0.00 0.64 1.87 30.00 0.00 0.00 0.00
KPConv [193] 90.62 48.71 40.51 78.88 98.33 94.24 76.20 0.01 14.70 0.00 41.77 39.32 74.22 0.39 0.00 8.61

we replace the original vanilla cross-entropy loss with four off-the-shelf loss func-
tions, including weighted cross-entropy with inverse frequency [54], or with in-
verse square root (sqrt) frequency [163], Lovász-softmax loss [29], and focal loss
[125]. The experimental procedures for training and testing in this section were
kept consistent with those outlined in Section 3.4.1. The only deviation from the
previous setup was the use of different loss functions in this experiment.

Analysis. We report the detailed segmentation performance of two baselines
achieved with five different loss functions. It can be seen that the performance of
PointNet is improved when using advanced loss functions, while the mIoU score
of PointNet++ is only improved when using the Lovász-softmax loss function. Ad-
ditionally, the mAcc scores of both baselines are significantly improved, indicating
that these sophisticated loss functions are effective at addressing the issue of im-
balanced class distribution and resulting in more balanced segmentation perfor-
mance. Notably, we also noticed that the mAcc score of PointNet++ improved by
nearly 15% when using the Lovász-softmax loss function. In particular, the score for
under-represented categories such as rail improved by more than 20%. Despite the
performance in minority categories are still far from satisfactory, this improvement
is considerably encouraging and suggests that further research could be conducted
to fully address this research challenge.

3.4.4 Cross-City Generalization

One of the main challenges of existing deep neural architectures is how to enhance
the generalization capability to unseen scenarios, especially out-of-distribution
data, since neural networks are usually data hungry and tend to overfit the train-
ing data. Motivated by this, we further explore the generalization performance of

54



Table 3.11: Cross-city generalization performance of selected baselines on our
dataset. All baselines are trained on the training split of Cambridge. The top five
records show the testing results on the testing split of Cambridge, while the bottom
five rows show the scores on the testing split of Birmingham (cross-city).

O
A

(%
)

m
A

cc
(%

)

m
Io

U
(%

)

gr
ou

nd

ve
g.

bu
ild

in
g

w
al

l

br
id

ge

pa
rk

in
g

ra
il

tr
af

fic
.

st
re

et
.

ca
r

fo
ot

pa
th

bi
ke

w
at

er

PointNet [155] 91.16 50.02 43.61 82.83 97.89 90.93 9.54 38.34 12.07 0.00 50.60 21.42 60.74 26.18 0.00 76.42
PointNet++ [157] 93.62 62.64 55.60 85.50 98.93 95.35 63.73 59.19 24.00 0.00 59.13 40.50 79.30 38.01 0.00 79.11

SPG [110] 84.13 36.36 31.55 68.96 92.14 84.61 15.37 13.84 4.46 0.00 31.83 21.02 22.04 0.47 0.00 23.83
KPConv [193] 94.89 69.65 62.36 87.91 99.22 97.00 80.09 77.31 36.65 0.00 65.62 54.70 84.59 43.25 0.00 84.34

PointNet [155] 71.99 43.90 35.01 64.55 93.76 72.71 5.30 17.55 8.08 0.00 26.60 8.87 65.35 11.34 0.00 80.99
PointNet++ [157] 78.47 52.32 41.29 70.52 96.07 70.13 44.89 6.60 34.67 0.00 33.39 27.42 73.79 16.78 0.00 62.48

SPG [110] 71.27 28.42 22.93 57.32 84.28 76.51 12.40 8.95 0.00 0.00 20.41 10.52 14.08 0.00 0.00 13.65
KPConv [193] 86.03 61.76 50.67 78.46 97.20 81.72 55.76 40.08 64.05 0.00 44.99 38.91 80.01 17.79 0.00 59.76

existing representative baselines on our SensatUrban dataset, since our dataset is
composed of data collected from different cities, hence naturally suitable for eval-
uating the generalization abilities. In particular, four baseline approaches are in-
cluded in our generalization experiments, that is: PointNet/PointNet++ [155, 157],
SPGraph [110], and KPConv [193]. We keep the same data preparation and color
feature usage as mentioned in previous sections, while only change the train-
ing/test split in this section. The detailed four groups of experimental schemes
are described as follows:

• Group 1: Train Birmingham/Test Birmingham. All of the four baseline ap-
proaches are only trained and tested on the training split and test split of Birm-
ingham, respectively.

• Group 2: Generalize from Birmingham to Cambridge: All of the four baselines
are trained on the training split of Birmingham, and tested on the testing split of
Cambridge.

• Group 3: Train Cambridge/Test Cambridge: Analogous to group 1, all of the
four baselines are only trained on the training split of Cambridge, and then
tested on the testing split of the same region.

• Group 4: Generalize from Cambridge to Birmingham: the above well-trained
four baseline models in group 3 are directly tested on the testing split of Birm-
ingham.

Analysis. We report the detailed results achieved in the first two groups of ex-
periments in Table 3.10, and the last two groups of experiments in Table 3.11. It can
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be seen that the performance of all baselines shows a significant decrease (approx-
imate 20% drop on average in mIoU scores) when generalizing the trained model
to unseen urban areas in other cities, despite the data collected from different cities
are actually in the same domain (i.e., captured using the same sensor). This demon-
strates the limited generalization capacity of selected baseline approaches. Inter-
estingly, we also noticed that the performance of dominant semantic categories
such as vegetation and building are not severely affected, while the under-presented
categories including rail and water show visible performance degradation. This
shows the baseline approaches are actually overfitted to the prevalent categories,
while they failed to learn generalized and meaningful representation for minority
categories. Overall, generalizing the trained deep segmentation model to unseen
data, especially point clouds with different distributions, remains an open ques-
tion in this area. Therefore, we hope our SensatUrban dataset could highlight the
limited generalization capacity of existing deep neural architectures, and inspire
more research to be conducted on this challenging problem.

Table 3.12: The class mapping from DALES and SensatUrban dataset to the final
unified semantic categories.

Classes of DALES Mapped class Classes of SensatUrban

Ground Ground Ground, Bridge, Parking,
Rail, Traffic Road, Footpath

Vegetation Vegetation Vegetation
Cars, Trucks Cars Cars

Power lines, Poles Street furniture Street furniture
Fences Fences Walls

Buildings Buildings Buildings
Unclassified Unclassified (Ignored) Bikes, Waters

3.4.5 Cross-Dataset Generalization

Another interesting question is whether the deep model trained on our SensatUr-
ban dataset can be well generalized to other similar airborne point cloud datasets
[200, 264], or vice versa. Intuitively, this task seems even more challenging than
cross-city generalization, since the point clouds acquired from different cities in
our dataset are inherently homogeneous. That is, the point cloud is reconstructed
from sequential aerial images captured by the same camera, with the identical data
process pipeline. However, point clouds in different datasets are likely to be col-
lected by distinct acquisition sensors (i.e., airborne LiDAR vs. photogrammetry
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Table 3.13: Statistics of the DALES dataset and SensatUrban dataset after class
mapping.

Mapped classes DALES SensatUrban
Training Test Training Test

Ground 178,021,561 68,871,897 667,443,997 188,848,584
Vegetation 120,818,120 41,464,228 544,284,286 158,512,452

Cars 3,332,171 1,224,696 37,557,130 10,918,466
Street furniture 1,076,810 323,136 26,669,467 6,656,919

Fences 1,512,927 624,069 20,606,217 5,682,668
Buildings 56,908,533 23,454,294 861,977,674 164,867,233

Unclassified 6,997,560 681,571 7,262,966 4,449,979

camera) and generated by using different mapping techniques. Moreover, the
data distribution, point density, geographic regions, scene contents and annota-
tion practices may vary greatly. Albeit interesting, there are few relevant studies
in the field of 3D point cloud semantic understanding.

In this thesis, we move a step forward to explore how the domain shift in dif-
ferent datasets affects the semantic learning of deep neural networks. Specifically,
we select the recent aerial LiDAR point clouds dataset DALES [200], along with
the proposed photogrammetry SensatUrban dataset, to evaluate the cross dataset
generalization capacity of existing segmentation algorithms. Note that, due to the
inconsistent taxonomies and annotation practice, the semantic categories (i.e., 8
valid categories in DALES vs. 13 valid categories in SensatUrban) and definitions
are different in these two datasets. Therefore, we first reconcile the taxonomies
and map the semantic categories into the newly defined 6 consistent semantic cat-
egories, so as to properly evaluate the generalization performance across datasets.
The detailed class mapping from each dataset to the unified taxonomy is shown in
Table 3.12. The statistics (i.e., the number of points in the training and test subset)
after class mapping is reported in Table 3.13. It can be seen that the class distribu-
tion of the two datasets exhibits visible differences. Here, we select the represen-
tative PointNet as the baselines, for the evaluation of intra-dataset generalization,
and cross-dataset generalization performance. Note that, the baseline approach is
trained with the usage of 3D spatial coordinates only, since the color information
is not available in LiDAR point clouds provided by the DALES dataset.

Analysis. Although we considered the point density and the number of input
points during data preprocessing, the cross-dataset generalization performance of
both two baseline approaches is still significantly lower than the intra-dataset eval-
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Table 3.14: Quantitative cross-dataset generalization results were achieved by the
selected baseline approach on the proposed SensatUrban dataset and the DALES
dataset.

Methods Settings OA(%) mIoU(%) Ground Vegetation Cars Street furniture Fences Buildings

PointNet [155]

DALES → DALES 94.10 59.72 94.68 86.69 16.48 73.62 0.00 86.87
DALES → SensatUrban 74.25 30.75 89.44 55.69 0.02 0.03 0.00 39.32
SensatUrban → SensatUrban 92.46 56.27 92.90 92.14 52.69 0.33 14.25 85.33
SensatUrban → DALES 87.45 41.98 92.64 72.15 2.77 11.79 8.31 64.23

uation (15%+), demonstrating that domain shifts in different datasets play a key
role in preventing model generalization. Future studies are encouraged to further
reduce the domain gap between different point cloud datasets, especially in light
of the different configurations of existing LiDAR point clouds.

3.4.6 Semantic Learning with Fewer Labels

Deep learning-based methods are hungry for massive training data [215]. For
fully-supervised segmentation pipelines such as [90, 193, 155, 157], a large amount
of fine-grained per-point annotations are usually required. However, it is extremely
time-consuming and labor-intensive to manually annotate an urban-scale point
cloud dataset with thousands of millions of points in practice. To this end, we fur-
ther investigate the possibility of semantic learning with limited annotations on
our SensatUrban dataset.

Table 3.15: Quantitative results achieved by PointNet [155] and PointNet++ [157]
with different settings (varying number of semantic annotations). †means ran-
domly a tiny fraction points of each semantic category, ‡means randomly a tiny
fraction points of the whole points.
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1 pt PointNet 42.30 13.12 7.90 13.79 45.84 36.53 0.36 0.00 2.49 0.00 0.00 1.58 1.98 0.09 0.00 0.00
PointNet++ 29.52 20.82 8.74 21.48 24.52 24.80 1.81 0.00 8.99 0.00 15.56 3.52 5.91 7.02 0.02 0.03

1% annotation†

per category
PointNet 89.58 52.87 45.95 82.92 97.40 90.07 16.12 28.83 33.82 5.86 44.95 26.98 65.50 23.15 0.00 81.81

PointNet++ 91.70 59.21 52.05 85.42 98.67 93.96 59.48 24.50 37.21 0.00 49.45 39.23 78.91 30.04 0.00 79.76

1% annotation‡ PointNet 89.11 50.25 43.46 82.33 97.13 89.20 11.12 15.92 34.38 0.00 42.33 23.63 63.73 26.33 0.00 78.94
PointNet++ 91.75 58.31 51.49 83.90 98.58 94.16 60.96 13.74 41.71 0.00 50.74 40.64 78.71 24.80 0.00 81.39

10% annotation†

per category
PointNet 89.67 53.73 47.31 81.82 97.49 89.70 18.83 43.13 30.20 9.48 47.62 29.39 64.77 25.21 0.00 77.39

PointNet++ 92.60 63.24 56.67 86.08 98.73 94.65 64.68 49.87 43.77 0.00 53.70 45.51 82.29 36.20 0.00 81.27

10% annotation‡ PointNet 88.64 51.51 43.78 81.80 97.26 88.51 16.97 33.58 16.67 1.27 43.30 24.44 65.37 24.14 0.00 75.77
PointNet++ 92.28 60.71 53.84 85.39 98.64 94.13 60.59 25.89 46.15 0.00 53.34 42.73 80.78 30.04 0.00 82.19

Full
supervision

PointNet 90.57 56.30 49.69 83.55 97.67 90.66 22.56 43.54 40.35 9.29 50.74 29.58 68.24 29.27 0.00 80.55
PointNet++ 93.10 64.96 58.13 86.38 98.76 94.72 65.91 50.41 50.53 0.00 58.40 46.95 82.31 38.40 0.00 82.88

Inspired by the weak supervision setting proposed in [234], we have conducted
six groups of experiments by training all baselines with different forms of seman-
tic annotations (i.e., weak supervisions) in our dataset. We keep the same data
preparation and color feature usage as mentioned in previous sections, while only
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Table 3.16: Quantitative results achieved by using OcCo [207], Jigsaw [169] and
Random (Rand) initialization on the SensatUrban dataset, based on PointNet [155],
PCN [245] and DGCNN [213] encoders. Note that, all the initialized weights
are obtained by pre-training on the ModelNet40 [224], since these techniques are
mainly designed for object-level classification and segmentation.
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PointNet [155] 86.29 53.33 45.10 80.05 93.98 87.05 23.05 19.52 41.80 3.38 43.47 24.20 63.43 26.86 0.00 79.53
PointNet-Jigsaw [169] 87.38 56.97 47.90 83.36 94.72 88.48 22.87 30.19 47.43 15.62 44.49 22.91 64.14 30.33 0.00 77.88
PointNet-OcCo [207] 87.87 56.14 48.50 83.76 94.81 89.24 23.29 33.38 48.04 15.84 45.38 24.99 65.00 27.13 0.00 79.58

PCN [245] 86.79 57.66 47.91 82.61 94.82 89.04 26.66 21.96 34.96 28.39 43.32 27.13 62.97 30.87 0.00 80.06
PCN-Jigsaw [169] 87.32 57.01 48.44 83.20 94.79 89.25 25.89 19.69 40.90 28.52 43.46 24.78 63.08 31.74 0.00 84.42
PCN-OcCo [207] 86.90 58.15 48.54 81.64 94.37 88.21 25.43 31.54 39.39 22.02 45.47 27.60 65.33 32.07 0.00 77.99

DGCNN [213] 87.54 60.27 51.96 83.12 95.43 89.58 31.84 35.49 45.11 38.57 45.66 32.97 64.88 30.48 0.00 82.34
DGCNN-Jigsaw [169] 88.65 60.80 53.01 83.95 95.92 89.85 30.05 43.59 46.40 35.28 49.60 31.46 69.41 34.38 0.00 80.55
DGCNN-OcCo [207] 88.67 61.35 53.31 83.64 95.75 89.96 29.22 41.47 46.89 40.64 49.72 33.57 70.11 32.35 0.00 79.74

change the semantic annotations of training splits in this section. For simplicity,
we only adopt PointNet [155] and PointNet++ [157] as baseline networks in the
following groups of experiment:

• Only 1 point annotated per category in each point cloud.

• Only 1% points annotated per category in each point cloud.

• Only 1% points annotated in each point cloud (randomly).

• 10% points annotated per category in each point cloud.

• 10% points annotated in each point cloud (randomly).

• 100% (all) points annotated in each point cloud.

Analysis. Table 3.15 shows the detailed quantitative results achieved by three
baselines under different settings. It can be seen that:

• Surprisingly, both PointNet and PointNet++ can achieve comparable perfor-
mance with their fully-supervised counterpart, even when training with a small
fraction of labeled points (e.g., 1% or 10%). This implies that the existing per-
point annotations may exist with large information redundancy, and it is possi-
ble to learn semantics with limited annotations.

• The performance of all baselines in group 2 and group 4 are better than group 3
and group 5, demonstrating that randomly annotating a tiny fraction (e.g., 1%,
10%) of all points is inferior to randomly annotating a tiny fraction of points
in each semantic category. Although randomly annotating a tiny fraction of all
points is more practical and feasible.
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• The segmentation performance of all baselines in group 1 (i.e., with 1 point
annotation) are far from satisfactory. Basically, the networks cannot converge,
primarily because the supervision information is extremely insufficient. How-
ever, this is also one of the simplest and cheapest ways of annotation in practice.
More studies should be conducted in this direction to further improve the per-
formance.

Thanks to the availability of several large-scale point cloud datasets, the com-
munity can always assume that the amount of labeled training data is sufficient.
However, we have demonstrated that comparable performance can also be achieved
using the same architecture with limited semantic annotations, highlighting the
great potential of weakly-supervised semantic segmentation frameworks. This
motivates us to further investigate how to achieve better performance under lim-
ited annotation, and how to choose the best annotation strategy under fixed bud-
gets.

3.4.7 Self-supervised Pre-Training on 3D Point Clouds

Pre-training a network on a rich source set in a self-supervised or unsupervised
way has been demonstrated to be highly effective for high-level downstream tasks
(e.g., segmentation, detection) in several 2D vision tasks [43, 81]. However, self-
supervised pre-training on 3D point clouds is still in its infancy, only a handful of
recent works [169, 207, 227, 252, 84, 154] have started to explore self-supervised
learning on unstructured 3D point clouds. In particular, all existing methods are
still pre-trained on the object-level datasets (e.g., ModelNet40 [224]) or indoor
scene-level datasets (e.g., ScanNet [55]). Considering the urban-scale property of
SensatUrban, it is particularly suitable for verifying the effectiveness of the existing
pretraining strategy on our dataset.

To this end, we conducted three groups of experiments on our SensatUrban
dataset to compare the performance of:

• Pre-training with occlusion completion [207].

• Pre-training with context prediction (jigsaw) [169].

• Training from scratch.
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For simplicity, we faithfully follow the three baseline networks used in their origi-
nal paper [207, 169], including PointNet [155], PCN [245], and DGCNN [213]. The
detailed experimental results are shown in Table 3.16.

Analysis. From the results in Table 3.16 we can see that, although both baseline
networks are purely pre-trained on the object-level point clouds in ModelNet40,
the fine-tuning models can still achieve a certain performance improvement on
our dataset. In particular, the performance of several minority categories, such
as rail and bridge, has a significant performance improvement (up to nearly 10%),
primary because the pre-trained models are less prone to overfitting to the majority
categories, compared to directly training from scratch.

This further demonstrates the feasibility and potential of the self-supervised
pre-training paradigm. However, the existing pre-training frameworks [207, 169]
are still limited to object-level point clouds, and it is non-trivial to be extended
to large-scale point clouds. On the other hand, most of the existing pre-training
schemes are based on auxiliary (pre-text) tasks. It is worth investigating how to
leverage contrastive learning to achieve better performance on 3D point clouds.
Finally, to further facilitate the research in this research area, we also release the
unlabeled York point clouds, encouraging further research exploration on this part
of the data.

3.5 Discussion

The previous section outlined several unique challenges that pose barriers to the
semantic understanding of large-scale 3D point clouds. In this discussion section,
we aim to delve deeper into these challenges and provide a systematic examination
of the findings from our experiments and analyses. By analyzing the results in
detail, we hope to gain a better understanding of the challenges and their potential
solutions, and contribute to the advancement of knowledge in the field of large-
scale 3D point cloud semantic understanding. Specifically,

• Data preparation is a crucial aspect in achieving semantic understanding of
large-scale 3D point clouds. Our analysis revealed that different data prepa-
ration methods can have a significant impact on the performance of the re-
sults. Despite its importance, this aspect has often been neglected and some-
times mis-attributed to improvements in network design. Our findings high-
light the need for further research in this area, with the goal of developing
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a standard and unified scheme for data preparation. This would allow for
more meaningful comparisons and fair evaluations of different methods.

• Both geometric information and appearance information plays a vital role
in the field of 3D semantic understanding. Our analysis showed that com-
pared to airborne LiDAR-based point clouds, photogrammetry-based point
clouds contain abundant geometric information, enabling the distinction of
heterogeneous categories with similar geometric structures, and providing a
more comprehensive understanding of urban semantics. However, further
exploration is still worth exploring in utilizing these two types of informa-
tion more effectively. This raises an important direction for future research,
exploring methods to more optimally combine and leverage the strengths of
both geometric and appearance information.

• The skewed class distribution has been a significant challenge in the field
of semantic segmentation. Our analysis suggests that utilizing suitable loss
functions can result in improved performance for underrepresented cate-
gories. However, a complete solution to this issue remains elusive. In fu-
ture work, it would be valuable to investigate potential solutions to further
address the problem of imbalanced class distribution, such as resampling,
ensemble, and adaptive weighting. These approaches have shown promise
in other domains and may prove effective in addressing the skewed class
distribution in semantic segmentation of large-scale 3D point clouds.

• In terms of generalization, our findings indicate that existing algorithms for
point cloud semantic segmentation struggle with both cross-city and cross-
dataset generalization. This highlights the importance of addressing the is-
sue of generalization in future work in the field. A promising direction would
be to investigate methods to improve the generalizability of models, so that
they can effectively handle changes in data distribution and domain discrep-
ancy. This could involve the development of more robust algorithms, the
utilization of transfer learning techniques, or other innovative solutions. By
addressing this challenge, we can improve the reliability and practicality of
point cloud semantic segmentation algorithms for real-world applications.

• Regarding learning with few labels, our experimental results demonstrate
the great potential of utilizing weakly supervised and self-supervised learn-
ing frameworks in the field of 3D point clouds. This direction holds signifi-
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cant practical significance, as it has the potential to greatly reduce the label-
ing cost of massive 3D points. The field of weakly supervised learning has
shown impressive achievements in 2D images and these advancements can
be leveraged and adapted to the realm of 3D point clouds, potentially re-
sulting in improved performance of algorithms in the presence of weak (self)
supervision.

The proposed SensatUrban dataset represents a considerable advancement in
the field of photogrammetric point cloud datasets. However, it is important to ac-
knowledge its limitations in order to guide future research efforts. Despite being
the largest publicly available photogrammetric point cloud dataset, the dataset is
limited in that it does not include instance annotations. This is a challenging task
as obtaining point-wise instance labels is extremely labor-intensive. Nonetheless,
this is an important area for future investigation [41]. Additionally, the dataset is
constructed from sequential aerial images captured by a single sensor (i.e., cam-
era). It would be interesting to further investigate the same-source data acquired
by different sensors. For example, the data acquired from both a camera and a
LiDAR system integrated on the same UAV platform [101].

3.6 Summary and Outlook

This chapter introduces SensatUrban: an urban-scale photogrammetric point cloud
dataset composed of 7.6 km2 of urban areas in three UK cities, and nearly 3 bil-
lion richly annotated points (each with one of the 13 semantic categories). A
comprehensive benchmark is also built based on this dataset and a number of se-
lected representative baselines. In particular, extensive comparative experiments
have revealed several challenges in generalizing existing semantic segmentation
methods to urban-scale point clouds, including how to conduct data preparation,
whether and how to utilize the color information, how to tackle the extremely im-
balanced class distribution, generalizing to unseen scenarios, and the potential of
weakly/self-supervised learning techniques. Besides, extensive benchmarking re-
sults are conducted and in-depth analysis is also provided. In the future, we will
further increase the scale and richness (i.e., instance annotation, corresponding 2D
images) of our SensatUrban dataset. We hope that our SensatUrban dataset could
be an immensely useful resource and a canonical benchmark to related research
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communities including 3D computer vision, earth vision, and remote sensing, in-
spiring and supporting future advancing research in related areas.
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Figure 3.7: Qualitative results of PointNet [155], PointNet++ [157], and KPConv
[193] on the test set of SensatUrban dataset. The black dashed box highlights the
inconsistency predictions with the ground-truth label.
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Chapter 4

Learning to Segment Large-Scale 3D
Point Clouds

4.1 Introduction

In the previous chapter, we discussed the pressing need for semantic understand-
ing of large-scale 3D point clouds, particularly in the context of urban-scale 3D
datasets. We highlighted the unique challenges associated with this task and the
importance of developing efficient and effective learning algorithms to tackle these
challenges. In this chapter, we delve deeper into the topic and explore strategies
for learning efficient 3D representations and achieving effective semantic segmen-
tation of large-scale 3D point clouds. These capabilities hold significant value for
real-time intelligent systems, including applications in autonomous driving [69]
and augmented reality [85].

Through a comprehensive review of the relevant literature, the existing point-
based semantic segmentation algorithms can be generally categorized as: 1) neigh-
bouring feature pooling [157, 120, 94, 255, 254], 2) graph message passing [213, 171,
203, 208, 39, 98, 128, 174], 3) kernel-based convolution [179, 93, 222, 114, 102, 108,
193, 140, 212, 196, 229], and 4) attention-based aggregation [228, 247, 240, 151].
Despite their impressive results in object recognition and semantic segmentation,
these approaches are limited in their ability to handle large-scale 3D point clouds
(e.g., millions of points and up to hundreds of meters). The limitations stem from
three main aspects: 1) The commonly used point-sampling methods of these net-
works are either computationally expensive or memory inefficient. For example,
the widely employed farthest-point sampling [157] takes over 200 seconds to sam-
ple 10% of 1 million points. 2) Most existing local feature learners usually rely on
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PointNet++ (2.4s) SPG (10.8s)

Ours (0.04s) Ground Truth

Figure 4.1: Semantic segmentation results of PointNet++ [157], SPG [110] and our
approach on SemanticKITTI [28]. Our RandLA-Net takes only 0.04s to directly
process a large point cloud with 105 points over 150×130×10 m in 3D space, which
is up to 200× faster than SPG. Red circles highlight the superior segmentation ac-
curacy of our approach.

computationally expensive kernelisation or graph construction, thereby being un-
able to process massive number of points. 3) For a large-scale point cloud, which
usually consists of hundreds of objects, the existing local feature learners are ei-
ther incapable of capturing complex structures, or do so inefficiently, due to their
limited size of receptive fields.

A handful of recent works have started to tackle the task of directly processing
large-scale point clouds. SPG [110] preprocesses the large point clouds as super
graphs before applying neural networks to learn per super-point semantics. How-
ever, the computational cost of these preprocessing steps renders SPG infeasible
for real-time applications. Both FCPN [160] and PCT [42] combine voxelization
and point-level networks to process massive point clouds. However, they still re-
sort to partitioning the point clouds into smaller blocks, compromising the overall
performance.

In this chapter, we aim to design a memory and computationally efficient neu-
ral architecture, which is able to directly process large-scale 3D point clouds in
a single pass, without requiring pre/post-processing steps such as voxelization,
block partitioning or graph construction. However, this task is extremely challeng-
ing as it requires: 1) a memory and computationally efficient sampling approach
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to progressively downsample large-scale point clouds to fit in the limits of cur-
rent GPUs, and 2) an effective local feature learner to progressively increase the
receptive field size to preserve complex geometric structures.

To achieve these goals, we first systematically analyse the relative merits of dif-
ferent sampling approaches in Section 4.3.1, where reveals that conventional sam-
pling approaches can hinder scalability and impede real-time processing for large-
scale point clouds. As a result, we identify random sampling as an appropriate
strategy for large-scale point cloud processing due to its efficiency and scalability.
However, the use of random sampling may result in a loss of critical information,
particularly for objects with sparse points. To counter the potentially detrimental
impact of random sampling, we design a new local feature aggregation module in
Section 4.3.2, which is capable of effectively learning complex local structures by
progressively increasing the receptive field size in each neural layer. In particular,
for each 3D point, we firstly introduce a local spatial encoding (LocSE) unit to ex-
plicitly preserve local geometric structures. Secondly, we leverage attentive pool-
ing to automatically keep the useful local features. By stacking multiple LocSE and
attentive pooling units as a dilated residual block, we significantly enhance the ef-
fective receptive field for each point. Note that all these neural components are
implemented as shared MLPs, and are therefore remarkably memory and compu-
tational efficient.

Overall, being built on the principles of simple random sampling and an effec-
tive local feature aggregator, our efficient neural architecture, named RandLA-Net,
not only is up to 200× faster than existing approaches on large-scale point clouds,
but also surpasses the state-of-the-art semantic segmentation methods on Seman-
tic3D [76], SemanticKITTI [28] and Toronto-3D [185] benchmarks. Figure 4.1 shows
qualitative results of our approach. Our key contributions are:

• A comprehensive analysis of existing sampling approaches, highlighting the
suitability of random sampling for efficient learning on large-scale point clouds.

• The development of a novel local feature aggregation module, which effec-
tively preserves complex local structures by progressively increasing the re-
ceptive field for each point.

• The demonstration of significant memory and computational savings for se-
mantic segmentation of large-scale 3D point clouds, as well as superior per-
formance over state-of-the-art methods on multiple large-scale benchmarks.
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The content of this chapter was first published in [90] and the official imple-
mentation of the proposed RandLA-Net is available as open-source code library,
which can be accessed at this link1. This work has been recognized as one of the
“most influential papers in CVPR 2020” according to PaperDigest2.

4.2 Overview

As illustrated in Figure 4.2, given a large-scale point cloud with millions of points
which could span hundreds of meters, to process it with a deep neural network
inevitably requires those points to be progressively and efficiently downsampled
in each neural layer, without losing the useful point features. In our RandLA-Net,
we propose to use the simple and fast approach of random sampling to greatly de-
crease point density, whilst applying a carefully designed local feature aggregator
to retain prominent features. This allows the entire network to achieve an excellent
trade-off between efficiency and effectiveness.

Local Feature 

Aggregation

Random 

Sampling

𝑁~105 𝑁~102

Local Feature 

Aggregation

Random 

Sampling

Figure 4.2: In each layer of RandLA-Net, the large-scale point cloud is significantly
downsampled, yet is capable of retaining features necessary for accurate segmen-
tation.

4.3 Method

4.3.1 The quest for efficient sampling

To determine the most suitable method for processing large-scale point clouds, we
provide an empirical analysis and comparison of different sampling approaches.
In particular, the relative merits and complexity of the commonly used sampling
strategies are shown in Table 4.1.

1https://github.com/QingyongHu/RandLA-Net
2https://www.paperdigest.org/2022/02/most-influential-cvpr-papers-202

2-02/
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The implementation details of different sampling approaches are summarized
as follows. To sample M points (point features) from a large-scale point cloud P

with N points (point features):

1. Farthest Point Sampling (FPS): We follow the implementation3 provided by
PointNet++ [157], which is also widely used in [122, 222, 131, 40, 255]. In
particular, FPS is implemented as an operator running on GPU.

2. Inverse Density Importance Sampling (IDIS): Given a point pi, its density ρ is
approximated by calculating the summation of the distances between pi and
its nearest t points [74]. Formally:

ρ(pi) =
t∑

j=1

∣∣∣∣∣∣∣pi − pji

∣∣∣∣∣∣∣ , pji ∈ N (pi) (4.1)

where pji represents the coordinates (i.e. x-y-z) of the jth point of the neigh-
bour points set N (pi), t is set to 16. All the points are ranked according to the
inverse density 1

ρ
of points. Finally, the top M points are selected.

3. Poisson Disk Sampling (PDS): We implement Fast Poisson Disk Sampling [34]
using the PDAL library4 for sampling M points with Poisson disk property
from an input cloud with N points, given a Poisson radius r. We implement
simple batch parallelisation.

4. Random Sampling (RS): This is implemented with the python numpy pack-
age. Specifically, we first use the numpy function numpy.random.choice() to
generate M indices. We then gather the corresponding spatial coordinates
and per-point features from point clouds by using these indices.

5. Generator-based Sampling (GS): The implementation follows the code5 pro-
vided by [58]. We first train a ProgressiveNet [58] to transform the raw point
clouds into ordered point sets according to their relevance to the task. After
that, the first M points are kept, while the rest is discarded.

6. Continuous Relaxation based Sampling (CRS): CRS is implemented with the
self-attended gumbel-softmax sampling [22][240]. Given a point feature set
P ∈ RN×(d+3) with 3D coordinates and per point features, we firstly estimate

3https://github.com/charlesq34/pointnet2
4https://pdal.io/
5https://github.com/orendv/learningtosample
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a probability score vector s ∈ RN through a score function parameterized by
a MLP layer, i.e., s = softmax(MLP (P )), which learns a categorical distri-
bution. Then, with the Gumbel noise g ∈ RN drawn from the distribution
Gumbel(0, 1). Each sampled point feature vector y ∈ Rd+3 is calculated as
follows:

y =
N∑
i=1

exp ((log(s(i)) + g(i))/τ)P (i)∑N
j=1 exp ((log(s

(j)) + g(j))/τ)
, (4.2)

where s(i) and g(i) indicate the ith element in the vector s and g respectively,
P (i) represents the ith row vector in the input matrix P . τ > 0 is the annealing
temperature. When τ → 0, Equation 4.2 approaches the discrete distribution
and samples each row vector in P with the probability p(y = P (i)) = s(i).

7. Policy Gradients based Sampling (PGS): Given a point feature set P ∈ RN×(d+3)

with 3D coordinates and per point features, we first predict a score s for each
point, which is learnt by an MLP function, i.e., s = softmax(MLP (P )) +ffl,
where ffl ∈ RN is a zero-mean Gaussian noise with the variance Σ for random
exploration. After that, we sample M vectors in P with the top M scores.
Sampling each point/vector can be regarded as an independent action and
a sequence of them form a sequential Markov Decision Process (MDP) with
the following policy function π:

ai ∼ π(a|P (i); θ, s) (4.3)

where ai is the binary decision of whether to sample the ith vector in P and
θ is the network parameter of the MLP. Hence to properly improve the sam-
pling policy with an underivable sampling process, we apply REINFORCE
algorithm [183] as the gradient estimator. The segmentation accuracy R is
applied as the reward value for the entire sampling process as J = R. It is
optimized with the following estimated gradients:

∂J
∂θ

≈ 1

M

M∑
m=1

N∑
i=1

∂

∂θ
log π(ai|P (i); θ,Σ)×

(R− bc − b(P (i))),

(4.4)

where M is the batch size, bc and b(P (i)) are two control variates [145] for
alleviating the high variance problem of policy gradients.

From the summary in Table 4.1, we can see that FPS, IDIS and GS are too com-
putationally expensive to be applied for large-scale point clouds. CRS approaches
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Figure 4.3: The proposed local feature aggregation module. The top panel shows
the local spatial encoding block that extracts features, and the attentive pooling
mechanism that weights the important neighbouring features, based on the local
context and geometry. The bottom panel shows how two of these components are
chained together, to increase the receptive field size, within a residual block.

have an excessive memory footprint and PGS is hard to learn. PDS is relatively
faster, but has worse performance, as shown in the ablation study. By contrast,
random sampling has the following two advantages: 1) it is remarkably computa-
tional efficient as it is agnostic to the total number of input points, 2) it does not
require extra memory for computation. Therefore, we believe that random sam-
pling is more suitable than other approaches to efficiently process large-scale point
clouds. However, random sampling may result in many useful point features be-
ing dropped. To overcome it, we propose a powerful local feature aggregation
module as presented in the next section.

4.3.2 Local Feature Aggregation

As shown in Figure 4.3, our local feature aggregation module is applied to each
3D point in parallel and it consists of three neural units: 1) local spatial encoding
(LocSE), 2) attentive pooling, and 3) dilated residual block.

4.3.2.1 Local Spatial Encoding

Given a point cloud P together with per-point features (e.g., raw RGB, or inter-
mediate learned features), this local spatial encoding unit explicitly encodes the
spatial positional relationships of each point in the local neighborhoods, instead of
the pure x-y-z coordinates of all neighbouring points [157, 222], such that the cor-
responding point features are always aware of their relative spatial locations. This
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allows the LocSE unit to explicitly observe the local geometric patterns, thus even-
tually benefiting the entire network to effectively learn complex local structures. In
particular, this unit includes the following steps. Note that, all the following steps
are executed parallel for all input points.

Finding Neighbouring Points. For the ith point, its neighbouring points are
firstly gathered by the simple K-nearest neighbours (KNN) algorithm for effi-
ciency. The KNN is based on point-wise Euclidean distances.

Relative Point Position Encoding. For each of the nearest K points {p1i · · · pki · · · pKi }
of the center point pi, we explicitly encode the relative point position as follows:

rki = MLP
(
pi ⊕ pki ⊕ (pi − pki )⊕ ||pi − pki ||

)
(4.5)

where pi and pki are the absolute x-y-z positions of points, ⊕ is the concatenation
operation, and ||·|| calculates the Euclidean distance between the neighbouring and
center points. The concated point positions are further encoded by a shared MLP
layer, where the trainable parameters are shared across different local neighbor-
hoods. Interestingly, we are aware that rki seems encoded from redundant point
positions, but we found that this tends to aid the network to learn local features
and obtains good performance in practice, with almost negligible computational
overheads. Please refer to the experimental section for more details.

Point Feature Augmentation. For each neighbouring point pki , the encoded
relative point positions rki are concatenated with its corresponding point features
fki , obtaining an augmented feature vector f̂ki . For simplicity, we keep the feature
vectors rki and fki with the same dimension in the implementation, but they are
flexible and can have different dimensions.

f̂ki = pki ⊕ rki (4.6)

Eventually, the output of the LocSE unit is a new set of neighbouring features
F̂i = {f̂1i · · · f̂ki · · · f̂Ki }, which explicitly encodes the local geometric structures for
the center point pi. We notice that the recent work [131] also uses point positions
to improve the performance of semantic segmentation. However, the positions are
used to learn point scores in [131], while our LocSE explicitly encodes the relative
positions to augment the neighbouring point features. Note that all operations of
our local feature aggregation module are shared in each local neighborhood, hence
the total number of parameters being independent of the number of input points.
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Figure 4.4: The detailed architecture of our RandLA-Net. (Ñ ,D) represents the
number of points and feature dimension respectively. FC: Fully Connected layer,
LFA: Local Feature Aggregation, RS: Random Sampling, MLP: shared Multi-Layer
Perceptron, US: Up-sampling, DP: Dropout.

4.3.2.2 Attentive Pooling

This neural unit is used to aggregate the set of neighbouring point features F̂i.
Existing works [157, 122] typically use max/mean pooling to hard integrate the
neighbouring features, resulting in the majority of the information being lost. By
contrast, we turn to the powerful attention mechanism to automatically learn im-
portant local features. In particular, inspired by [239], our attentive pooling unit
consists of the following steps.

Computing Attention Scores. Given the set of local features F̂i = {f̂1i · · · f̂ki · · · f̂Ki },
we design a shared function g(·) to learn a unique attention score for each feature.
Essentially, the function g(·) consists of a shared MLP followed by softmax. It is
formally defined as follows:

ski = g(̂fki ,W ) (4.7)

where W is the learnable weights of a shared MLP.
Weighted Summation. The learned attention scores can be regarded as a soft

mask which automatically selects the important features. Formally, these features
are weighted summed as follows:

f̃i =
K∑
k=1

(̂fki ⊙ ski ) (4.8)

where ⊙ is the element-wise product. To summarize, given the input point cloud
P , for the ith point pi, our LocSE and Attentive Pooling units learn to aggregate
the geometric patterns and features of its K nearest points, and finally generate an
informative feature vector f̃i.
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AL AL

Figure 4.5: Illustration of the dilated residual block which significantly increases
the receptive field (dotted circle) of each point, colored points represent the aggre-
gated features. L: Local spatial encoding, A: Attentive pooling.

4.3.2.3 Dilated Residual Block

Since the large point clouds are going to be substantially downsampled, it is desir-
able to significantly increase the receptive field for each point, such that the geo-
metric details of input point clouds are more likely to be preserved, even if some
points are dropped. As shown in Figure 4.3, inspired by the successful ResNet
[82] and the effective dilated networks [60], we stack multiple LocSE and Atten-
tive Pooling units to achieve the dilation of point receptive fields, and add a skip
connection to achieve residual learning.

To further illustrate the capability of our dilated residual block, Figure 4.5 shows
that the red 3D point observes K neighbouring points after the first LocSE/Attentive
Pooling operation, and then is able to receive information from up to K2 neigh-
bouring points i.e. its two-hop neighbourhood after the second. This is a cheap
way of dilating the receptive field and expanding the effective neighbourhood
through feature propagation. Theoretically, the more units we stack, the more
powerful this block as its sphere of reach becomes greater and greater. However,
more units would inevitably sacrifice the overall computation efficiency. In addi-
tion, the entire network is likely to be over-fitting. In our RandLA-Net, we sim-
ply stack two sets of LocSE and Attentive Pooling as the standard residual block,
achieving a satisfactory balance between efficiency and effectiveness.

Overall, our local feature aggregation module is designed to effectively pre-
serve complex local structures via explicitly considering neighbouring geometries
and significantly increasing receptive fields. Moreover, this module only con-
sists of feed-forward MLPs, thus being computationally efficient. In addition, it
is worth mentioning that the proposed local feature aggregation module is also
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permutation-equivariant to unordered 3D point clouds. This is because this mod-
ule is performed in the local neighborhood of each point, hence agnostic to the
order of the points. In other words, no matter how the order of the points changes,
the local neighborhood of each point in the 3D space will not change, hence the
learned feature through our local feature aggregation module keep the same. This
property also respects the permutation invariance of 3D point clouds.

4.3.3 Network Architecture

Figure 4.4 shows the detailed architecture of RandLA-Net, which stacks multiple
local feature aggregation modules and random sampling layers. The network fol-
lows the widely-used encoder-decoder architecture with skip connections. The
input point cloud is first fed to a shared MLP layer to extract per-point features.
Four encoding and decoding layers are then used to learn features for each point.
At last, three fully-connected layers and a dropout layer are used to predict the
semantic label of each point. By using dilated residual blocks for local feature ag-
gregation and combining them with hierarchical downsampling, each point can
learn a local geometric feature representation from point-level attributes, similar
to traditional hierarchical kernel descriptors [30]. Note that, our RandLA-Net can
be wider and deeper by altering the number of layers, feature channels, and ad-
justing the sampling rate. However, larger models require additional computation
and may more easily lead to overfitting. The details of each component are as fol-
lows:

Network Input: The input is a large-scale point cloud with a size of Ñ × din (the
batch dimension is dropped for simplicity), where Ñ is the total number of input
points, din is the feature dimension of each input point. For both S3DIS [26] and
Semantic3D [76] datasets, each point is represented by its 3D coordinates and color
information (i.e., x-y-z-R-G-B), while each point of the SemanticKITTI [28] dataset
is only represented by 3D coordinates.

Encoding Layers: Four encoding layers are used in our network to progressively
reduce the size of the point clouds and increase the per-point feature dimensions.
Each encoding layer consists of a local feature aggregation module (Section 4.3.2)
and a random sampling operation (Section 4.3.1). The point cloud is downsam-
pled with a four-fold decimation ratio. In particular, only 25% of the point features
are retained after each layer, i.e., (Ñ → Ñ

4
→ Ñ

16
→ Ñ

64
→ Ñ

256
). Meanwhile, the
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per-point feature dimension is gradually increased each layer to preserve more in-
formation, i.e., (8 → 32 → 128 → 256 → 512).

Decoding Layers: Four decoding layers are used after the encoding layers. For
each layer in the decoder, we adopt the nearest-neighbor interpolation for effi-
ciency and simplicity. In particular, the coordinates of all down-sampled points in
each encoding layer are temporally stored for reference. For each query point in
the decoding layers, we use the KNN algorithm to find the nearest neighboring
point from the points of the previous layer. The features of the nearest point are
copied to the target point. Subsequently, the upsampled feature maps are concate-
nated with the intermediate feature maps produced by encoding layers through
skip connections, after which a shared MLP is applied to the concatenated feature
vectors.

Final Semantic Prediction: The final semantic label of each point is obtained
through three shared fully-connected layers (Ñ , 64) → (Ñ , 32) → (Ñ , nclass) and
a dropout layer. The dropout ratio is 0.5.

Network Output: The output of RandLA-Net is the predicted semantics of all
points, with a size of Ñ × nclass, where nclass is the number of classes.

4.3.4 Implementation

We use the same network architecture for all the five large-scale open datasets, Se-
mantic3D [76], SemanticKITTI [28], Toronto-3D [185], NPM3D [167], S3DIS [26].
The Adam optimizer [100] with default parameters is applied. The initial learning
rate is set to 0.01 and decreases by 5% after each epoch. The network is trained
for 100 epochs. We implement the KNN search in our framework based on the
nanoflann6 package, which leverages an efficient KD-Tree data structure for fast
search and query. In addition, we also use OpenMP for better parallelization, and
the number of nearest points K is set to 16. For several extremely large datasets
such as Semantic3D [76], which have more than 106 or even 108 points in a single
point cloud, we crop sub-clouds to feed into our RandLA-Net. During training,
we sample a fixed number of points (∼ 105) from each point cloud as the input for

6https://github.com/jlblancoc/nanoflann
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Figure 4.6: Comparative analysis at module and operation level between our pro-
posed RandLA-Net and PointNet++. A visual representation is provided to high-
light the intuitive differences between the two methods. Left: Our RandLA-Net,
Right: PointNet++ [157].

parallelization. During testing, we iteratively infer several sub-clouds with over-
laps to eventually cover all 3D points. Since many points have been inferred more
than once, we follow [193] to use a simple voting scheme for better performance.
To alleviate the problem of class imbalance, we use weighted cross-entropy as the
loss function. In particular, the weight of each class is determined by its inverse
frequency in the training split. We do not use any explicit data augmentation tech-
niques such as rotation, scaling, and translation during training, since we have
not found significant performance differences in practice. Note that, our random
downsampling in each encoding layer can be regarded as implicit data augmenta-
tion, since even if the exact same inputs are used, the points retained after several
random downsamplings are inevitably different. This can be viewed as a way to
improve the diversity of the data to some extent, hence improving the general-
ization capacity of the proposed network through training. All experiments are
conducted on an NVIDIA RTX2080Ti GPU.

4.3.5 Relation to Previous PointNet++

Here we discuss the relation between our RandLA-Net and the previous Point-
Net++ [157]. Although the two approaches share similar design philosophies in
aspects such as local feature aggregation, the proposed RandLA-Net differs from
PointNet++ in the following aspects:
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• Down-sampling. To encode the input point clouds, PointNet++ uses compu-
tationally expensive, iterative farthest point sampling (FPS) to down-sample
the point features. By contrast, a simple random sampling approach is used
in our RandLA-Net, allowing the framework to be highly efficient and scal-
able for large-scale point clouds.

• Neighbor Selection. To learn local features, PointNet++ selects neighboring
points within a sphere. It is thus able to maintain a geometrically consis-
tent neighborhood, but the variable number of neighboring points within
the sphere requires additional computation to be converted to a predefined
and fixed number of points. By comparison, a simple and efficient K-Nearest
Neighbours (KNN) is used in RandLA-Net.

• Feature Encoding. PointNet++ learns per-point features by using shared
MLPs to encode the vanilla coordinates. Instead, we explicitly encode the co-
ordinates, relative positions, and the relative distances of neighboring points
through the LocSE unit, enabling better capture of local geometrical patterns.
In addition, the dilated residual block is used to further increase the size of
the receptive field for each individual point.

• Feature Aggregation. PointNet++ aggregates neighboring feature sets using
the simple max-pooling operation, resulting in the majority of neighboring
point information being lost. In contrast, our RandLA-Net uses attentive
pooling to automatically select important features in a data-driven manner,
hence the prominent features are more likely to be preserved.

• Up-sampling. PointNet++ uses trilinear interpolation to upsample the point
features in the decoder, which introduces considerable extra computation
due to poor parallelization. Our RandLA-Net simply duplicates the features
of the nearest neighboring point, which does not require additional compu-
tation, therefore being more efficient than that of PointNet++.

We also provide an intuitive comparison of these two methods in Figure 4.6 for
clarity.
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4.4 Experiments

We first evaluate the efficiency of existing sampling approaches in Section 4.4.1,
and compare the efficiency of our RandLA-Net with existing networks in Sec-
tion 4.4.2. Secondly, we conduct extensive experiments on multiple benchmarks
to compare the semantic segmentation in Section 4.4.3. At last, our ablation study
is presented in Section 4.4.4.

4.4.1 Efficiency of Random Sampling

In this section, we empirically evaluate the efficiency of existing sampling ap-
proaches including FPS, IDIS, PDS, RS, GS, CRS, and PGS, which have been dis-
cussed in Section 4.3.1. In particular, we conduct the following 4 groups of experi-
ments.

• Group 1. Given a small-scale point cloud (∼ 103 points), we use each sam-
pling approach to progressively downsample it. Specifically, the point cloud
is downsampled by five steps with only 25% points being retained in each
step on a single GPU i.e. a four-fold decimation ratio. This means that there
are only ∼ (1/4)5×103 points left in the end. This downsampling strategy em-
ulates the procedure used in PointNet++ [157]. For each sampling approach,
we sum up its time and memory consumption for comparison.

• Group 2/3/4. The total number of points is increased towards large-scale,
i.e., around 104, 105 and 106 points respectively. We use the same five sam-
pling steps as in Group 1.

Analysis. Figure 4.7 compares the time and memory consumption of each sam-
pling approach to process different scales of point clouds. It can be seen that: 1) For
small-scale point clouds (∼ 103), all sampling approaches tend to have similar time
and memory consumption, and are unlikely to incur a heavy or limiting computa-
tion burden. 2) For large-scale point clouds (∼ 106), FPS/IDIS/PDS/GS/CRS/PGS
are either extremely time-consuming or memory-costly for large-scale computa-
tion. By contrast, random sampling has superior time and memory efficiency over-
all. This result clearly demonstrates that most existing networks [157, 122, 222, 131,
255, 240] are only able to be optimized on small blocks of point clouds primarily
because they rely on the expensive sampling approaches. Motivated by this, we
use the efficient random sampling strategy in our RandLA-Net.
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（b）（a）

Figure 4.7: Time and memory consumption of different sampling approaches. The
dashed lines represent estimated values due to the limited GPU memory. Note
that, the curves of GPU memory consumption for RPS, PDS, FPS, and IDIS overlap
together, because these sampling methods mainly run on the CPU.

4.4.2 Efficiency of RandLA-Net

In this section, we systematically evaluate the overall efficiency of our RandLA-
Net on real-world large-scale point clouds for semantic segmentation. Particularly,
we evaluate RandLA-Net on the SemanticKITTI [28] dataset, showing the detailed
runtime of each component. We also evaluate the time consumption of recent rep-
resentative works [155, 157, 110] on the same dataset. For a fair comparison, we
feed the same number of points (i.e., 12×81920, the batch size is 12) from the se-
quence into each neural network.

In addition, we also evaluate the memory consumption of RandLA-Net and
the baselines. In particular, we report the peak memory (GPU) of each network
with the same input point clouds during inference. Note that, all experiments
are conducted on the same machine with an AMD 3700X @3.6GHz CPU and an
NVIDIA RTX2080Ti GPU.

Analysis. Table 4.2 quantitatively shows the total time and memory consump-
tion of different approaches. It can be seen that, 1) SPG [110] has the lowest GPU
memory consumption, but takes the longest time to process the point clouds due
to the expensive geometrical partitioning and super-graph construction steps; 2)
PointNet++ [157] is also computationally expensive mainly because of the FPS
sampling operation; 3) PointNet [155] are unable to take extremely large-scale
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Table 4.2: The run-time decomposition and peak memory of different approaches
for semantic segmentation of input point clouds with 12×81920 (∼ 106) points,
which is sampled from the LiDAR point clouds on Sequence 08 (around 80K-120K
points per frame) of the SemanticKITTI [28] dataset. In particular, †this is achieved
by inference half of the input point clouds twice, since PointNet is unable to pro-
cess the whole inputs in a single pass. ‡The original implementation of PointNet++
adopts an extremely inefficient KNN during trilinear interpolation. Hence, we also
report the result of re-implemented PointNet++* for a fair comparison. Note that,
because SPG does not have explicit sampling and neighboring search modules, its
run-time decomposition is not reported. We measure the peak memory consump-
tion based on the TensorFlow profiler. Note the peak memory may be different
from the actual allocated GPU memory.

Time (s) Peak
MemorySampling Neighbour. Network. Total

PointNet (Vanilla)† [155] 0 0 0.46† 0.46 9064Mb
PointNet++ (SSG)‡ [157] 1.32 0.32+26.98‡ 0.20 28.82 4135Mb

PointNet++ (re-imp.)* [157] 1.32 0.52 0.20 2.04 4135Mb
SPG [110] - - - 99.67 1663Mb

RandLA-Net (Ours) 0.01 0.40 0.15 0.55 5198Mb

point clouds (e.g., 106 points) in a single pass due to their memory inefficient
operations. 4) Thanks to the simple random sampling together with the efficient
MLP-based local feature aggregator, our RandLA-Net takes around 0.5s to infer the
semantic labels of large-scale point clouds with nearly 1 million points (12×81920
points).

4.4.3 Semantic Segmentation on Benchmarks

In this section, we evaluate the semantic segmentation of our RandLA-Net on mul-
tiple large-scale public datasets: the outdoor Semantic3D [76], SemanticKITTI [28],
Toronto-3D [185], NPM3D [167], DALES [200], and the indoor S3DIS [26], ScanNet
[55]. For a fair comparison, we follow KPConv [193] to pre-process the whole in-
put point clouds by using the grid-sampling strategy at the beginning. In fact, this
is likely to reduce the point density and help increase the actual receptive field for
each 3D point.

4.4.3.1 Evaluation on Semantic3D

The Semantic3D dataset [76] consists of 15 point clouds for training and 15 for
online testing. Each point cloud has up to 108 points, covering up to 160×240×30
meters in real-world 3D space. The raw 3D points belong to 8 classes and contain
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road grass tree bush buildings hardscape artefacts cars

Figure 4.8: Qualitative results of RandLA-Net on the reduced-8 split of Semantic3D.
From left to right: full RGB colored point clouds, predicted semantic labels of full
point clouds, detailed view of colored point clouds, detailed view of predicted
semantic labels. Note that the ground truth of the test set is not publicly available.

3D coordinates, RGB information, and intensity. We only use the 3D coordinates
and color information to train and test our RandLA-Net. Overall Accuracy (OA)
and mean Intersection-over-Union (mIoU) of all classes are used as the evaluation
metrics. For a fair comparison, we only include the results of recently published
strong baselines [32, 190, 192, 166, 254, 208, 110, 193] and the current state-of-the-art
approach RGNet [195].

Table 4.3 presents the quantitative results of different approaches achieved on
the reduced-8 test set. RandLA-Net clearly outperforms all existing methods in
terms of both mIoU and OA. Notably, RandLA-Net also achieves superior perfor-
mance on six of the eight classes, except low vegetation and scanning artefact. We
also report the results on semantic-8 subset on Table 4.4. Note that, compared with
the reduced-8 subset, the semantic-8 subset has 10× more points and much stronger
category imbalance, and therefore it is more challenging. Our RandLA-Net also
achieves the best performance in terms of overall accuracy, but ranks third in mIoU
performance, primary because ConvPoint [31] and SPGraph [110] achieves much
better results on hard scape and scanning artifact. Figure 4.8 shows the qualitative
results of RandLA-Net on this dataset.
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Table 4.3: Quantitative results of different approaches on Semantic3D (reduced-8)
[76]. This test consists of 78,699,329 points. The scores are obtained from the recent
publications.

Methods mIoU(%) OA(%) man-made. natural. high veg. low veg. buildings hard scape scanning art. cars

SnapNet [32] 59.1 88.6 82.0 77.3 79.7 22.9 91.1 18.4 37.3 64.4
SEGCloud [190] 61.3 88.1 83.9 66.0 86.0 40.5 91.1 30.9 27.5 64.3

RF MSSF [192] 62.7 90.3 87.6 80.3 81.8 36.4 92.2 24.1 42.6 56.6
MSDeepVoxNet [166] 65.3 88.4 83.0 67.2 83.8 36.7 92.4 31.3 50.0 78.2

ShellNet [254] 69.3 93.2 96.3 90.4 83.9 41.0 94.2 34.7 43.9 70.2
GACNet [208] 70.8 91.9 86.4 77.7 88.5 60.6 94.2 37.3 43.5 77.8

SPG [110] 73.2 94.0 97.4 92.6 87.9 44.0 83.2 31.0 63.5 76.2
KPConv [193] 74.6 92.9 90.9 82.2 84.2 47.9 94.9 40.0 77.3 79.7

RGNet [195] 74.7 94.5 97.5 93.0 88.1 48.1 94.6 36.2 72.0 68.0
RandLA-Net (Ours) 77.4 94.8 95.6 91.4 86.6 51.5 95.7 51.5 69.8 76.8

Table 4.4: Quantitative results of different approaches on Semantic3D (semantic-8)
[76]. This test consists of 2,091,952,018 points. The scores are obtained from the
recent publications.

Methods mIoU(%) OA(%) man-made. natural. high veg. low veg. buildings hard scape scanning art. cars

TML-PC [147] 39.1 74.5 80.4 66.1 42.3 41.2 64.7 12.4 0. 5.8
TMLC-MS [77] 49.4 85.0 91.1 69.5 32.8 21.6 87.6 25.9 11.3 55.3

PointNet++ [157] 63.1 85.7 81.9 78.1 64.3 51.7 75.9 36.4 43.7 72.6
EdgeConv [53] 64.4 89.6 91.1 69.5 65.0 56.0 89.7 30.0 43..8 69.7

SnapNet [32] 67.4 91.0 89.6 79.5 74.8 56.1 90.9 36.5 34.3 77.2
PointGCR [139] 69.5 92.1 93.8 80.0 64.4 66.4 93.2 39.2 34.3 85.3

RGNet [195] 72.0 90.6 86.4 70.3 69.5 68.0 96.9 43.4 52.3 89.5
LCP [33] 74.6 94.1 94.7 85.2 77.4 70.4 94.0 52.9 29.4 92.6

SPGraph [110] 76.2 92.9 91.5 75.6 78.3 71.7 94.4 56.8 52.9 88.4
ConvPoint [31] 76.5 93.4 92.1 80.6 76.0 71.9 95.6 47.3 61.1 87.7

RandLA-Net (Ours) 75.8 95.0 97.4 93.0 70.2 65.2 94.4 49.0 44.7 92.7

4.4.3.2 Evaluation on SemanticKITTI

SemanticKITTI [28] consists of 43552 densely annotated LiDAR scans belonging
to 22 sequences. Each scan is a large-scale point cloud with ∼ 105 points and
spanning up to 160×160×20 meters in 3D space. Officially, the sequences 00∼07
and 09∼10 (19130 scans) are used for training, the sequence 08 (4071 scans) for
validation, and the sequences 11∼21 (20351 scans) for online testing. The raw 3D
points only have 3D coordinates without color information. The mIoU score over
19 categories is used as the standard metric.

Table 4.5 shows a quantitative comparison of our RandLA-Net with two fami-
lies of recent approaches, i.e., 1) point-based methods [155, 110, 179, 157, 189] and
2) projection based approaches [218, 219, 28, 144, 163], and Figure 4.9 shows some
qualitative results of RandLA-Net on the validation split. It can be seen that our
RandLA-Net surpasses all point based approaches [155, 110, 179, 157, 189] by large
margins, with remarkable improvement of 15% compared with the second-best
approach. We also outperform most projection based methods [218, 219, 28], but
not significantly, primarily because SqueezeSegV3 [230] achieves much better re-
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Table 4.5: Quantitative results of different approaches on SemanticKITTI [28]. The
scores are obtained from the recent publications.

Methods Size m
Io

U
(%

)

Pa
ra

m
s(

M
)

ro
ad

si
de

w
al

k

pa
rk

in
g

ot
he

r-
gr

ou
nd

bu
ild

in
g

ca
r

tr
uc

k

bi
cy

cl
e

m
ot

or
cy

cl
e

ot
he

r-
ve

hi
cl

e

ve
ge

ta
ti

on

tr
un

k

te
rr

ai
n

pe
rs

on

bi
cy

cl
is

t

m
ot

or
cy

cl
is

t

fe
nc

e

po
le

tr
af

fic
-s

ig
n

PointNet [155]

50K pts

14.6 3 61.6 35.7 15.8 1.4 41.4 46.3 0.1 1.3 0.3 0.8 31.0 4.6 17.6 0.2 0.2 0.0 12.9 2.4 3.7
SPG [110] 17.4 0.25 45.0 28.5 0.6 0.6 64.3 49.3 0.1 0.2 0.2 0.8 48.9 27.2 24.6 0.3 2.7 0.1 20.8 15.9 0.8

SPLATNet [179] 18.4 0.8 64.6 39.1 0.4 0.0 58.3 58.2 0.0 0.0 0.0 0.0 71.1 9.9 19.3 0.0 0.0 0.0 23.1 5.6 0.0
PointNet++ [157] 20.1 6 72.0 41.8 18.7 5.6 62.3 53.7 0.9 1.9 0.2 0.2 46.5 13.8 30.0 0.9 1.0 0.0 16.9 6.0 8.9

TangentConv [189] 40.9 0.4 83.9 63.9 33.4 15.4 83.4 90.8 15.2 2.7 16.5 12.1 79.5 49.3 58.1 23.0 28.4 8.1 49.0 35.8 28.5

SqueezeSeg [218]

64*2048
pixels

29.5 1 85.4 54.3 26.9 4.5 57.4 68.8 3.3 16.0 4.1 3.6 60.0 24.3 53.7 12.9 13.1 0.9 29.0 17.5 24.5
SqueezeSegV2 [219] 39.7 1 88.6 67.6 45.8 17.7 73.7 81.8 13.4 18.5 17.9 14.0 71.8 35.8 60.2 20.1 25.1 3.9 41.1 20.2 36.3
DarkNet21Seg [28] 47.4 25 91.4 74.0 57.0 26.4 81.9 85.4 18.6 26.2 26.5 15.6 77.6 48.4 63.6 31.8 33.6 4.0 52.3 36.0 50.0
DarkNet53Seg [28] 49.9 50 91.8 74.6 64.8 27.9 84.1 86.4 25.5 24.5 32.7 22.6 78.3 50.1 64.0 36.2 33.6 4.7 55.0 38.9 52.2

RangeNet53++ [144] 52.2 50 91.8 75.2 65.0 27.8 87.4 91.4 25.7 25.7 34.4 23.0 80.5 55.1 64.6 38.3 38.8 4.8 58.6 47.9 55.9
SalsaNext [54] 54.5 6.73 90.9 74.0 58.1 27.8 87.9 90.9 21.7 36.4 29.5 19.9 81.8 61.7 66.3 52.0 52.7 16.0 58.2 51.7 58.0

SqueezeSegV3 [230] 55.9 26 91.7 74.8 63.4 26.4 89.0 92.5 29.6 38.7 36.5 33.0 82.0 58.7 65.4 45.6 46.2 20.1 59.4 49.6 58.9
LatticeNet [163] - 52.2 - 88.8 73.8 64.6 25.6 86.9 88.6 43.3 12.0 20.8 24.8 76.4 57.9 54.7 34.2 39.9 60.9 55.2 41.5 42.7

PolarNet [250] - 54.3 14 90.8 74.4 61.7 21.7 90.0 93.8 22.9 40.2 30.1 28.5 84.0 65.5 67.8 43.2 40.2 5.6 61.3 51.8 57.5

RandLA-Net (Ours) 50K pts 55.9 1.24 90.5 74.0 61.8 24.5 89.7 94.2 43.9 47.4 32.2 39.1 83.8 63.6 68.6 48.4 47.4 9.4 60.4 51.0 50.7

sults on the small object category such as motorcyclist. However, our RandLA-Net
is more lightweight with fewer parameters compared with the projection based
methods.

Table 4.6: Quantitative results of different approaches on Toronto3D [185]. The
scores of the baselines are obtained from [185].

Methods OA(%) mIoU(%) Road Rd mrk. Natural Building Util. line Pole Car Fence

PointNet++ [157] 84.88 41.81 89.27 0.00 69.06 54.16 43.78 23.30 52.00 2.95
PointNet++ (MSG) [157] 92.56 59.47 92.90 0.00 86.13 82.15 60.96 62.81 76.41 14.43

DGCNN [213] 94.24 61.79 93.88 0.00 91.25 80.39 62.40 62.32 88.26 15.81
KPFCNN [193] 95.39 69.11 94.62 0.06 96.07 91.51 87.68 81.56 85.66 15.72

MS-PCNN [138] 90.03 65.89 93.84 3.83 93.46 82.59 67.80 71.95 91.12 22.50
TGNet [123] 94.08 61.34 93.54 0.00 90.83 81.57 65.26 62.98 88.73 7.85

MS-TGNet [185] 95.71 70.50 94.41 17.19 95.72 88.83 76.01 73.97 94.24 23.64
RandLA-Net (Ours, w/o RGB) 92.95 77.71 94.61 42.62 96.89 93.01 86.51 78.07 92.85 37.12

RandLA-Net (Ours, w/ RGB)† 94.37 81.77 96.69 64.21 96.92 94.24 88.06 77.84 93.37 42.86

4.4.3.3 Evaluation on Toronto-3D

The Toronto-3D dataset [185] consists of 78.3 million points acquired by the mobile
laser systems (MLS), which covers approximately 1KM of urban outdoor 3D space.
Following [185], the section L002 is used for testing and the remaining three sec-
tions are used for training. OA and mIoU over 8 categories are used as evaluation
metrics.

Table 4.6 reports the quantitative results achieved by our RandLA-Net with
several recently published baselines [157, 213, 193, 138, 123, 185], and Figure 4.11
shows the qualitative results. Note that, only the 3D coordinates of each point are
feed into the network for fair comparison [185]. It can be seen that our RandLA-Net
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Figure 4.9: Qualitative results of RandLA-Net on the validation set of Se-
manticKITTI [28]. Red boxes show the failure cases.

achieves the best results on this dataset in terms of mIoU, improving the previous
state-of-the-art MS-TGNet [185] from 70.50% to 77.71%.

It is observed that Road marking is the hardest to be recognized by all approaches.
Primarily, this is because the pure geometric patterns of Road marking can not be
easily distinguished against its neighbourhood. Particularly, given only 3D coor-
dinates of points, it is virtually impossible to differentiate the Road marking and
Road, as illustrated in Figure 4.11. This motivates us to include the appearance
of points to further improve the accuracy. We simply train our RandLA-Net with
both 3D coordinates and color information as input. As shown in the last row of

Table 4.7: Quantitative results of different approaches on NPM3D [167]. Mean IoU
(mIoU, %), and per-class IoU (%) are reported. The scores are obtained from the
recent publications.

Methods mIoU(%) Ground Building Pole Bollard Trash can Barrier Pedestrian Car Natural

RF MSSF [192] 56.3 99.3 88.6 47.8 67.3 2.3 27.1 20.6 74.8 78.8
MS3 DVS [165] 66.9 99.0 94.8 52.4 38.1 36.0 49.3 52.6 91.3 88.6
HDGCN [124] 68.3 99.4 93.0 67.7 75.7 25.7 44.7 37.1 81.9 89.6

MS-RRFSegNet [136] 79.2 98.6 98.0 79.7 74.3 75.1 57.9 55.9 82.0 91.4
ConvPoint [31] 75.9 99.5 95.1 71.6 88.7 46.7 52.9 53.5 89.4 85.4

KPConv [193] 82.0 99.5 94.0 71.3 83.1 78.7 47.7 78.2 94.4 91.4
LCP [33] 82.7 99.6 98.1 77.2 91.1 64.7 66.5 58.1 95.6 93.9

RandLA-Net (Ours) 78.5 99.5 97.0 71.0 86.7 50.5 65.5 49.1 95.3 91.7
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Table 4.8: Quantitative results of different approaches on S3DIS [26] (6-fold cross-
validation). Overall Accuracy (OA, %), mean class Accuracy (mAcc, %), mean IoU
(mIoU, %), and per-class IoU (%) are reported.

Methods OA(%) mAcc(%) mIoU(%) ceil. floor wall beam col. wind. door table chair sofa book. board clut.

PointNet [155] 78.6 66.2 47.6 88.0 88.7 69.3 42.4 23.1 47.5 51.6 54.1 42.0 9.6 38.2 29.4 35.2
RSNet [94] - 66.5 56.5 92.5 92.8 78.6 32.8 34.4 51.6 68.1 59.7 60.1 16.4 50.2 44.9 52.0

3P-RNN [241] 86.9 - 56.3 92.9 93.8 73.1 42.5 25.9 47.6 59.2 60.4 66.7 24.8 57.0 36.7 51.6
SPG [110] 86.4 73.0 62.1 89.9 95.1 76.4 62.8 47.1 55.3 68.4 73.5 69.2 63.2 45.9 8.7 52.9

PointCNN [122] 88.1 75.6 65.4 94.8 97.3 75.8 63.3 51.7 58.4 57.2 71.6 69.1 39.1 61.2 52.2 58.6
PointWeb [255] 87.3 76.2 66.7 93.5 94.2 80.8 52.4 41.3 64.9 68.1 71.4 67.1 50.3 62.7 62.2 58.5
ShellNet [254] 87.1 - 66.8 90.2 93.6 79.9 60.4 44.1 64.9 52.9 71.6 84.7 53.8 64.6 48.6 59.4

PointASNL [236] 88.8 79.0 68.7 95.3 97.9 81.9 47.0 48.0 67.3 70.5 71.3 77.8 50.7 60.4 63.0 62.8
KPConv rigid [193] - 78.1 69.6 93.7 92.0 82.5 62.5 49.5 65.7 77.3 57.8 64.0 68.8 71.7 60.1 59.6

KPConv deform [193] - 79.1 70.6 93.6 92.4 83.1 63.9 54.3 66.1 76.6 57.8 64.0 69.3 74.9 61.3 60.3
RandLA-Net (Ours) 88.0 82.0 70.0 93.1 96.1 80.6 62.4 48.0 64.4 69.4 69.4 76.4 60.0 64.2 65.9 60.1

Table 4.6, the IoU score of Road marking has been significantly improved by 22%,
demonstrating the importance of appearance in this difficult case.

4.4.3.4 Evaluation on NPM3D

The NPM3D dataset [167] is a large-scale and high-quality urban point clouds
dataset. Similar to the Toronto-3D dataset, the NPM3D dataset also consists of
around 2KM MLS point cloud acquired in two cities. The mean IoU (mIoU) of the
total 10 classes are used as the main evaluation metric.

Table 4.7 quantitatively shows the results achieved by our RandLA-Net and
exiting baselines [31, 33, 193, 165, 192, 124]. In this dataset, only the 3D coordi-
nates of each point is available. Due to the relatively lower scores of two minority
classes Trash can and Pedestrian, our RandLA-Net achieves a mean IoU score of
78.5%, ranking after the latest LightConvPoint [33] and KPConv [193]. Primar-
ily, the point features of Trash can and Pedestrian are very likely to be randomly
dropped in our RandLA-Net because the two categories only have extremely small
number of points scanned.

4.4.3.5 Evaluation on S3DIS

The S3DIS dataset [26] consists of 271 rooms belonging to 6 large areas. Each
point cloud is a medium-sized single room (∼ 20×15×5 meters) with dense 3D
points. Considering the relatively limited size of this dataset, we use 6-fold cross-
validation to comprehensively evaluate the semantic segmentation performance
of our RandLA-Net. As shown in Figure 4.10, we first divide the dataset into 6
subsets according to different areas, and then train the RandLA-Net model on se-
lected 5 subsets and evaluated on the remaining 1 subset. This process is repeated
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Figure 4.10: Illustration of the 6-fold cross-validation used in the S3DIS dataset.

6 times, with a different subset used for evaluation, respectively. The final segmen-
tation results are the average results of different iterations. The mean IoU (mIoU),
mean class Accuracy (mAcc) and Overall Accuracy (OA) of the total 13 classes are
compared.

Table 4.8 quantitatively compares the performance of our RandLA-Net with
existing baselines on this dataset. Our RandLA-Net achieves on-par or better
performance than state-of-the-art methods. Note that, most of these baselines
[157, 122, 255, 254, 213, 40] tend to use sophisticated but expensive operations or
samplings to optimize the networks on small blocks (e.g., 1×1 meter) of point
clouds, and the relatively small rooms act in their favours to be divided into tiny
blocks. By contrast, RandLA-Net is able to take the entire rooms as input and
efficiently infer per-point semantics in a single pass.

Table 4.9: Quantitative results of different approaches on ScanNet (online test set).

Method mIoU(%) floor wall chair sofa table door cab bed desk toil sink wind pic bkshf curt show cntr fridg bath other
ScanNet [55] 30.6 78.6 43.7 52.4 34.8 30.0 18.9 31.1 36.6 34.2 46.0 31.8 18.2 10.2 50.1 0.2 15.2 21.1 24.5 20.3 14.5

PointNet++ [157] 33.9 67.7 52.3 36.0 34.6 23.2 26.1 25.6 47.8 27.8 54.8 36.4 25.2 11.7 45.8 24.7 14.5 25.0 21.2 58.4 18.3
SPLATNET3D [179] 39.3 92.7 69.9 65.6 51.0 38.3 19.7 31.1 51.1 32.8 59.3 27.1 26.7 0.0 60.6 40.5 24.9 24.5 0.1 47.2 22.7
Tangent-Conv [189] 43.8 91.8 63.3 64.5 56.2 42.7 27.9 36.9 64.6 28.2 61.9 48.7 35.2 14.7 47.4 25.8 29.4 35.3 28.3 43.7 29.8

PointCNN [122] 45.8 94.4 70.9 71.5 54.5 45.6 31.9 32.1 61.1 32.8 75.5 48.4 47.5 16.4 35.6 37.6 22.9 29.9 21.6 57.7 28.5
PointConv [222] 55.6 94.4 76.2 73.9 63.9 50.5 44.5 47.2 64.0 41.8 82.7 54.0 51.5 18.5 57.4 43.3 57.5 43.0 46.4 63.6 37.2

SPH3D-GCN [117] 61.0 93.5 77.3 79.2 70.5 54.9 50.7 53.2 77.2 57.0 85.9 60.2 53.4 4.6 48.9 64.3 70.2 40.4 51.0 85.8 41.4
KPConv [193] 68.4 93.5 81.9 81.4 78.5 61.4 59.4 64.7 75.8 60.5 88.2 69.0 63.2 18.1 78.4 77.2 80.5 47.3 58.7 84.7 45.0

SparseConvNet [73] 72.5 95.5 86.5 86.9 82.3 62.8 61.4 72.1 82.1 60.3 93.4 72.4 68.3 32.5 84.6 75.4 87.0 53.3 71.0 64.7 57.2
SegGCN [115] 58.9 93.6 77.1 78.9 70.0 56.3 48.4 51.4 73.1 57.3 87.4 59.4 49.3 6.1 53.9 46.7 50.7 44.8 50.1 83.3 39.6

RandLA-Net (Ours) 64.5 94.5 79.2 82.9 73.8 59.9 52.3 57.7 73.1 47.7 82.7 61.8 62.1 26.9 69.9 73.6 74.9 44.6 48.4 77.8 45.4
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Figure 4.11: Semantic segmentation results of KPConv [193] and our approach on
Toronto-3D [185]. Our method clearly performs better on the category of road
marking.

4.4.3.6 Evaluation on ScanNet

We conduct an experiment on the ScanNet dataset to further evaluate the perfor-
mance of our method. The detailed results on the online test set are shown in Table
4.9.

It can be seen that our approach achieves satisfactory results on this dataset, but
not the best. Our mean IoU score is lower than KPConv [193] and SparseConvNet
[73], because our RandLA-Net performs much worse on several small categories
such as refrigerator and cabinet. One possible reason is that the major informa-
tion of small objects may be lost due to the aggressive random sampling used in
our framework. Note that, the ScanNet dataset is mainly composed of relatively
small indoor scenes (average spatial size: 5m×5m×2m7), hence it is not in favor of

7This is computed by averaging the spatial sizes of all scenes in the dataset.
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Table 4.10: Quantitative results of different approaches on the DALES dataset.
Overall Accuracy (OA, %), mean class Accuracy (mAcc, %), mean IoU (mIoU, %),
and per-class IoU (%) are reported.

Method OA(%) mIoU(%) ground buildings cars trucks poles power lines fences vegetation
ShellNet [254] 96.4 57.4 96.0 95.4 32.2 39.6 20.0 27.4 60.0 88.4

PointCNN [122] 97.2 58.4 97.5 95.7 40.6 4.80 57.6 26.7 52.6 91.7
SuperPoint [110] 95.5 60.6 94.7 93.4 62.9 18.7 28.5 65.2 33.6 87.9

ConvPoint [31] 97.2 67.4 96.9 96.3 75.5 21.7 40.3 86.7 29.6 91.9
PointNet++ [157] 95.7 68.3 94.1 89.1 75.4 30.3 40.0 79.9 46.2 91.2

KPConv [193] 97.8 81.1 97.1 96.6 85.3 41.9 75.0 95.5 63.5 94.1
RandLA-Net (Ours) 97.1 80.0 97.0 93.2 83.7 43.8 59.4 94.8 71.5 96.6

our method which is primarily designed for large-scale point clouds (e.g., point
clouds spanning up to 250m×260m×80m in Semantic3D dataset). We observe
that the performance gap between our approach and KPConv on the ScanNet is
greater than that on the S3DIS dataset. This may be caused by the KNN used in
our framework, where the receptive field of each point is not stable as that of the
spherical neighborhood used in KPConv, especially for the RGBD-reconstructed
dataset such as ScanNet (extremely non-uniform, incomplete, and noisy.)

4.4.3.7 Evaluation on DALES

The DALES dataset [200] consists of large-scale point clouds with 505 million la-
beled points acquired by the aerial laser systems (ALS), which covers urban areas
spanning 10 km2. Each point is labeled with one of 8 semantic categories, and there
is no color information available in this dataset.

Following the evaluation protocol in [200], we further compare the segmenta-
tion performance of our RandLA-Net with other approaches on this dataset. The
detailed results are shown in Table 4.10. It can be seen that our RandLA-Net also
achieves satisfactory overall performance on this dataset, with the mean IoU score
of 80.0%. It also achieves the best performance on categories such as trucks and veg-
etation. We also notice that the performance is slightly lower than KPConv [193],
primarily because of the poor performance on the poles. This is likely caused by
the aggressive downsampling used in our framework.

4.4.3.8 Evaluation on SensatUrban

As mentioned in Chapter 3, SensatUrban is an Urban-scale photogrammetry point
cloud dataset, including nearly 3 billion labeled points in 13 semantic categories.
Here, we further evaluate the performance of the proposed RandLA-Net on this
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Table 4.11: Evaluation of the proposed RandLA-Net [90] on SensatUrban [89]
benchmark. We evaluate on 13 predefined semantic categories using the Over-
all Accuracy (OA, %), mean class Accuracy (mAcc, %), mean IoU (mIoU, %), and
per-class IoU (%).
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PointNet [155] 80.78 30.32 23.71 67.96 89.52 80.05 0.00 0.00 3.95 0.00 31.55 0.00 35.14 0.00 0.00 0.00
PointNet++ [157] 84.30 39.97 32.92 72.46 94.24 84.77 2.72 2.09 25.79 0.00 31.54 11.42 38.84 7.12 0.00 56.93

TangentConv [189] 76.97 43.71 33.30 71.54 91.38 75.90 35.22 0.00 45.34 0.00 26.69 19.24 67.58 0.01 0.00 0.00
SPGraph [110] 85.27 44.39 37.29 69.93 94.55 88.87 32.83 12.58 15.77 15.48 30.63 22.96 56.42 0.54 0.00 44.24

SparseConv [73] 88.66 63.28 42.66 74.10 97.90 94.20 63.30 7.50 24.20 0.00 30.10 34.00 74.40 0.00 0.00 54.80
KPConv [193] 93.20 63.76 57.58 87.10 98.91 95.33 74.40 28.69 41.38 0.00 55.99 54.43 85.67 40.39 0.00 86.30

RandLA-Net [90] 91.24 74.68 58.14 82.23 98.39 92.69 56.62 49.00 54.19 25.10 60.98 38.69 83.42 38.74 0.00 75.80

dataset. The experimental procedures for training and testing in this section were
kept consistent with those outlined in Section 3.4.1 for a fair comparison.

Table 4.11 shows that the proposed RandLA-Net has the highest mIoU perfor-
mance on the SensatUrban dataset, slightly better than KPConv. It is also noted
that RandLA-Net also has significantly higher mAcc scores than the other ap-
proaches, indicating a more balanced overall segmentation performance. This is
further supported by the fact that RandLA-Net has the best segmentation perfor-
mance on underrepresented categories such as bridges and rail, which are one of
the most difficult categories in this dataset.

4.4.4 Ablation Studies

Table 4.12: The mean IoU scores of all ablated networks based on our full RandLA-
Net.

Ablated networks mIoU(%)
(1) Remove local spatial encoding 49.8
(2) Replace with max-pooling 55.2
(3) Replace with mean-pooling 53.4
(4) Replace with sum-pooling 54.3
(5) Simplify dilated residual block 48.8
(6) The Full framework (RandLA-Net) 57.1

Since the impact of random sampling is fully studied in Section 4.4.1, we con-
duct the following ablation studies for our local feature aggregation module. All
ablated networks are trained on sequences 00∼07 and 09∼10, and tested on the
sequence 08 of SemanticKITTI dataset [28].
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Table 4.13: The mean IoU scores of our RandLA-Net with different designs of
LocSE.

LocSE mIoU(%)
(1) (pi) 48.9
(2) (pki ) 50.7
(3) (pi − pki ) 56.4
(4) (||pi − pki ||) 35.9
(5) (pi, pki ) 52.5
(6) (pi, pki , pi − pki ) 56.8
(7) (pi, pki , ||pi − pki ||) 53.7
(8) (pi − pki , ||pi − pki ||) 56.9
(9) (pi, pki , pi − pki , ||pi − pki ||) (The Full Unit) 57.1

4.4.4.1 Ablation of RandLA-Net Framework

Since our RandLA-Net stacks multiple of our key components: LocSE, Attentive
Pooling and Dilated Residual Block, we therefore conduct the following 5 ablation
studies to demonstrate the effectiveness of each component.

(1) Removing local spatial encoding (LocSE). This unit enables each 3D point to
explicitly observe its local geometry. After removing locSE, we directly feed the
local point features into the subsequent attentive pooling.

(2∼4) Replacing attentive pooling by max/mean/sum pooling. The attentive pooling
unit learns to automatically combine all local point features. By comparison, the
widely used max/mean/sum poolings tend to hard select or combine features,
therefore their performance may be sub-optimal.

(5) Simplifying the dilated residual block. The dilated residual block stacks mul-
tiple LocSE units and attentive poolings, substantially dilating the receptive field
for each 3D point. By simplifying this block, we use only one LocSE unit and at-
tentive pooling per layer, i.e. we do not chain multiple blocks as in our original
RandLA-Net.

Table 4.12 compares the mIoU scores of all ablated networks. From this, we
can see that: 1) The greatest impact is caused by the removal of the chained spatial
embedding and attentive pooling blocks. This is highlighted in Figure 4.5, which
shows how using two chained blocks allows information to be propagated from
a wider neighbourhood, i.e. approximately K2 points as opposed to just K. This
is especially critical with random sampling, which is not guaranteed to preserve
a particular set of points. 2) The removal of the local spatial encoding unit shows
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the next greatest impact on performance, demonstrating that this module is nec-
essary to effectively learn local and relative geometry context. 3) Removing the
attention module diminishes performance by not being able to effectively retain
useful features. From this ablation study, we can see how the proposed neural
units complement each other to attain our state-of-the-art performance.

4.4.4.2 Ablation of LocSE

As designed in Section 4.3.2, our LocSE component encodes the relative point po-
sition based on the following equation:

rki = MLP
(
pi ⊕ pki ⊕ (pi − pki )⊕ ||pi − pki ||

)
(4.9)

We further investigate the effects of different spatial information in our frame-
work. Particularly, we conduct the following 8 ablative experiments for LocSE:

(1-4) Encoding the point pi only, the neighboring points pki only, the relative position
pi − pki only, and the Euclidean distance ||pi − pki || only, respectively.

(5) Encoding the point pi and its neighboring points pki .
(6) Encoding the point pi, neighboring points pki , and their relative position pi − pki .
(7) Encoding the point pi, neighboring points pki , and their Euclidean distance ||pi −

pki ||.
(8) Encoding only the relative position pi − pki and their Euclidean distance ||pi − pki ||.
Table 4.13 compares the mIoU scores of our network with different designs of

LocSE. We can see that: 1) Explicitly encoding all spatial information leads to the
highest mIoU scores. 2) The relative position pi − pki plays an important role in
the LocSE component, primarily because the relative point position enables the
network to be aware of the local geometric patterns. 3) Only encoding the point
position pi, pki or Euclidean distance ||pi − pki || is sub-optimal, because the individ-
ual point positions and distance only are less informative for capturing the local
geometric patterns.

4.4.4.3 Ablation of Dilated Residual Block

As shown in Figure 4.3, we stack two sets of LocSE and Attentive Pooling units as
the standard dilated residual block to gradually increase the receptive field. To fur-
ther evaluate how the number of aggregation units in our dilated residual block
impact the entire network, we conduct the following two more ablative experi-
ments.
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(1) Using only one set of LocSE and attentive pooling. In this setting, the receptive
field for each 3D point becomes smaller.

(2) Using three sets of LocSE and attentive pooling. The receptive field becomes
exponentially larger.

Table 4.14: The mIoU scores of RandLA-Net using different number of aggregation
units in each residual block.

Dilated residual block mIoU(%)
(1) one set of LocSE and attentive pooling 52.9
(2) three sets of LocSE and attentive pooling 54.2
(3) two sets (The Standard Block) 57.1

Table 4.14 shows the mIoU scores of our RandLA-Net with different number of
aggregation units in each dilated residual block. It can be seen that: 1) Only one
set of LocSE and attentive pooling in the dilated residual block leads to a signif-
icant drop of the mIoU score, due to the limited receptive field. 2) Three sets of
LocSE and attentive pooling do not improve the accuracy as expected. This is be-
cause the significantly increased receptive fields and the large number of trainable
parameters tend to be overfitted.

4.4.5 Analysing Point Neighbours

In our RandLA-Net, we use the simple KNN to find a fixed number of neighbor-
ing points to extract local patterns for each 3D point. Intuitively, the choice of
K in KNN may affect the overall performance. In addition, the spatial range of
neighboring points searched by KNN varies if the point density changes, making
it unable to maintain a geometrically consistent neighborhood for each point [192].
Alternatively, the neighboring points can be queried within a fixed spherical ra-
dius, guaranteeing the consistency of local boundaries. In this section, we dive
deep into point neighbor search, evaluating the choice of K and comparing KNN
with radius query.

4.4.5.1 Choice of K in KNN

Intuitively, the larger the K, the more complex the local geometric patterns that
can be learned and the heavier computation required. We conduct 7 groups of
experiments where K varies from 4 to 64. The evaluation setting and protocol are
the same as used in Section 4.4.4.
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Figure 4.12 (a) shows the variation of segmentation performance given different
choices of K in KNN. It can be seen that, the network achieves a significant gain
(mIoU score: 46% → 57%) when the number of neighbouring points K increases
from 4 to 16, after which the mean IoU score drops gradually given a larger size of
K. This demonstrates that, 1) a very small set of neighbouring points is not helpful
for the network to learn useful point local features due to the limited receptive
field; 2) an extremely large set of neighbouring points is also unlikely to improve
the accuracy, since the learned complex local features tend to overfit the training
examples and are not general.

4.4.5.2 KNN vs. Spherical Neighbour

To further investigate how the neighbouring query mechanism impacts the per-
formance, we replace the KNN with spherical radius query in our RandLA-Net
without modifying any other components. Similarly, we also conduct 7 groups of
experiments by gradually increasing the radius of the first encoding layer from 0.1
to 0.7, and then doubling the radius after each sampling layer. For a fair compari-
son and better parallelization, we consistently select K = 16 neighborhood points
in each spherical neighborhood. This is achieved by following PointNet++ [157] to
downsample or pad within each neighboring point set.

(a) (b)

Figure 4.12: The results of our RandLA-Net with different neighbour searching
methods. Left: The mIoU scores for different choices of K in KNN. Right: The
mIoU scores for different choices of the radius R in spherical neighbours.

As shown in Fig 4.12 (b), the network achieves the best performance when the
radius of the first layer is set to 0.6m, with a mean IoU score of 55.08%. This is

97



slightly lower than the best model with KNN (55.08% vs 57.11%), demonstrating
that our framework is able to adapt to the spatial inconsistency potentially caused
by KNN. Primarily, this is because the attentive pooling mechanism of our LocSE
unit tends to automatically learn different weighs for all neighbouring points, and
the spatial locations of all points have been implicitly considered.

4.4.5.3 Attention Scores of Neighbouring Points

After the neighbouring points are selected by KNN, their features are aggregated
by the attentive pooling as shown in Figure 4.3. To investigate how the features are
effectively integrated, we visualize and analyze the learned attention scores in this
section. As shown in Figure 4.13, for a specific center point, the learned attention
scores for its 16 neighboring points tend to be similar in the first encoding layer,
whereas the learned attention scores for its new 16 neighboring points in the subse-
quent layers are dramatically different. In effect, this is because the neighbouring
points at the first layer are likely to be similar and equally informative, thus their
learned attention scores are similar as well. After the large-scale point cloud is sig-
nificantly downsampled and progressively aggregated, the retained point features
tend to be highly compact and have different semantic context. Therefore, the at-
tention scores of those neighbouring points which do not have similar semantic
meanings with the center point, tend to be zero, while the most similar neighbour-
ing point tends to have a high attention score.

4.4.6 Justification of Design Choices

4.4.6.1 Preprocessing

Different preprocessing steps are adopted for different segmentation approaches.
For example, PointNet-based methods [155, 157, 222] adopt block random sam-
pling (e.g., sampling 4k points from 1mx1m blocks) to preprocess the point clouds
at the beginning, while KPConv [193] and SCN [73] first use grid sampling to pro-
cess the point clouds. Here, we conduct additional experiments to further compare
the segmentation performance of our method under different preprocessing steps.
In particular, we evaluate the performance of our framework with grid sampling,
block random sampling (1m×1m with 4096 points and 6m×6m with 40960 points).
The detailed results are shown in Table 4.15.

It can be seen that our framework achieves comparable performance under
different preprocessing steps when being fed with large point clouds (i.e., grid
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Figure 4.13: Visualization of the learned attention scores in different encoding lay-
ers. From top left to bottom right: the learned attention score map in the first
(16×16), second (16×64), third (16×128), and the last encoding layers (16×256).
For better visualization, we only keep the left part of the attention score map as an
16×16 image. The yellow color represents higher attention scores.

subsampling with 40960 points vs. block random sampling (6m×6m with 40960
points)). However, the segmentation performance decreases from 61.63% to 59.10%
when the block size is reduced to 1m×1m, because the excessive block partitions
severely break the geometrical structures and the network is hard to learn mean-
ingful and robust representations. For the detailed analysis of the data preparation,
please refer to [88].

Table 4.15: Quantitative results of the proposed RandLA-Net on the S3DIS dataset
(Area 5) with different preprocessing steps.

Method Size mIoU(%) ceil. floor wall beam col. wind. door table chair sofa book. board clut.
Grid (grid size=0.04m) 40960 pts 62.67 92.41 97.09 81.03 0.00 28.74 62.62 37.87 78.70 85.45 66.83 69.59 63.72 50.64

Block random (1m×1m) 4096 pts 59.10 90.27 96.53 77.82 0.00 30.32 65.28 36.10 72.02 79.82 55.00 64.48 56.30 44.33
Block random (6m×6m) 40960 pts 61.63 88.60 97.30 80.88 0.00 35.16 62.04 45.92 76.30 81.97 65.10 67.92 53.05 46.91
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Table 4.16: Quantitative results of the proposed RandLA-Net on the Se-
manticKITTI dataset (validation set) with different upsampling strategies.

Methods mIoU(%)
Random-upsampling 29.2
Trilinear-upsampling 53.0

Attentive upsampling (K=3) 56.6
Attentive upsampling (K=5) 57.0
Attentive upsampling (K=8) 56.1

Nearest-upsampling 57.1

4.4.6.2 Nearest-Neighbor Interpolation

As mentioned in Sec. 4.3.3, we choose the nearest-neighbor interpolation for sim-
plicity and efficiency. However, our framework is flexible and allows the integra-
tion of different weighted interpolation strategies or other learnable layers. There-
fore, we further compare the impact of different upsampling strategies on the over-
all segmentation performance, including random upsampling and weighted inter-
polation (e.g., trilinear interpolation). In particular, we implement random upsam-
pling by randomly copy the point features from the current feature map to create
the upsampled feature map. For trilinear interpolation, we follow [157] to weight
the point features of the nearest three points according to the Euclidean distance.
The detailed results are shown in Table 4.16.

It can be seen that, (1) random upsampling is not applicable in the decoding
stage, primarily because the skip connection used in our framework requires that
the features at the same spatial location should be related, instead of being ran-
domly selected. (2) the mIoU scores with trilinear interpolation and attentive up-
sampling are inferior to the nearest upsampling (57.1%). One possible reason is
that the input point clouds are significantly down-sampled after all encoding lay-
ers, which means that the final subset of points preserved are very sparse and have
different semantic meanings. Therefore, at the beginning stage of up-sampling, if
multiple points with different semantic meanings are selected (e.g., by KNN) to
trilinearly interpolate the features of a new point, it might be detrimental. Instead,
if only the nearest point is selected, it tends to be more robust.

4.4.6.3 Postprocessing: Voting Scheme

As presented in Section 4.3.4, the voting scheme is applied to obtain the final pre-
dictions during inference. To further investigate the impact of the voting scheme
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on the overall segmentation performance, we conduct the following experiments
by removing the voting scheme from our RandLA-Net. We obtained new mIoU
scores on Toronto-3D [185], NPM3D [167], and SemanticKITTI [28] datasets. In
particular, instead of voting from multiple runs, we only keep the per-point result
in the last inference. The detailed results are shown in Table 4.17.

Table 4.17: The mIoU scores (%) of our RandLA-Net with and without the voting
scheme.

Toronto-3D [185]
(Test set)

NPM3D [167]
(Test set)

SemanticKITTI [28]
(Validation set)

W/O voting 79.4 76.8 53.0
W/ voting 81.8 78.8 57.1

It can be seen that the overall mIoU scores of RandLA-Net has decreased by 2%-
4% on Toronto-3D [185], NPM3D [167], and SemanticKITTI [28] datasets, showing
that the commonly used voting scheme is helpful to boost the performance, yet it
may incur extra computation burdens.

4.4.6.4 Sensitivity of RandLA-Net

Due to the usage of random sampling, the segmentation results of our RandLA-
Net may be different given different runs. To further evaluate the sensitivity (e.g.,
variance) of our method, we run the well trained model on the S3DIS dataset (Area
5) 5 times, with exactly the same experimental settings. The detailed results are
shown in Table 4.18.

The average mIoU scores of our method on the Area5 of the S3DIS dataset is
62.44%, with a standard deviation of 0.75. We observe that the main difference of
results lies in the minor categories such as sofa, column, board and door. Since these
categories only have a small number of points, their segmentation results have
noticeable fluctuations within multiple runs.

4.4.6.5 Variants of RandLA-Net

RandLA-Net can be deeper with more layers and wider with more channels. How-
ever, deeper or wider networks inevitably introduce larger models and massive
training parameters, making the optimization more difficult in practice. Further,
the overall computation efficiency would also be sacrificed.

In this section, we compare the segmentation performance of RandLA-Net with
deeper layers and wider channels. In particular, for a deeper model, we increase
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Table 4.18: Quantitative results of the proposed RandLA-Net on the S3DIS dataset
(Area 5) with 5 runs. Overall Accuracy (OA, %), mean class Accuracy (mAcc, %),
mean IoU (mIoU, %), and per-class IoU (%) are reported.

mIoU(%) ceil. floor wall beam col. wind. door table chair sofa book. board clut.
Iter1 63.75 92.19 97.67 81.12 0.00 20.22 61.02 41.49 78.53 88.04 74.21 70.65 70.65 53.01
Iter2 61.56 92.51 96.18 80.92 0.00 20.00 60.63 37.93 76.37 87.68 58.63 70.33 67.13 51.94
Iter3 61.94 92.05 97.24 80.95 0.00 13.81 61.62 36.38 77.79 87.08 65.81 71.02 68.41 53.06
Iter4 62.30 92.28 97.59 80.37 0.00 23.11 60.99 33.32 80.01 87.42 63.46 70.42 68.45 52.45
Iter5 62.67 92.41 97.09 81.03 0.00 28.74 62.62 37.87 78.70 85.45 66.83 69.59 63.72 50.64

Average 62.44 92.29 97.15 80.88 0.00 21.18 61.38 37.40 78.28 87.13 65.79 70.40 67.67 52.22
STD 0.75 0.16 0.53 0.26 0.00 4.85 0.70 2.64 1.19 0.90 5.07 0.47 2.28 0.89

Table 4.19: Quantitative results of the proposed RandLA-Net on the Se-
manticKITTI dataset (validation set) with deeper layers and wider channels.
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RandLA-Net (Deeper) 20.0 56.3 93.4 20.0 34.2 84.0 41.1 50.9 64.9 0.00 92.7 42.3 79.7 0.09 89.3 55.4 86.8 63.5 76.6 55.5 38.9
RandLA-Net (Wider) 4.9 57.2 94.8 19.9 35.2 68.6 48.0 56.5 71.2 0.00 93.5 45.3 80.8 1.80 89.7 55.9 86.7 66.0 74.3 57.8 41.1

RandLA-Net (Standard) 1.2 57.1 94.2 16.7 42.9 71.9 40.3 57.3 71.5 0.00 92.7 42.4 80.0 3.25 89.3 56.0 86.6 65.5 74.6 57.5 40.7

the number of encoding layers from 4 to 8, and the feature dimensions gradually
increase from (8 → 16 → 32 → 64 → 128 → 256 → 512 → 1024). Accordingly,
the downsampling rate is decreased from 4 to 2 to preserve sufficient information
for the decoder. For a wider model, we double the predefined per-point feature
dimensions in our framework, that is: (16 → 64 → 256 → 512 → 1024). All other
hyperparameters such as the number of nearest neighbors, learning rate, batch
size, and the number of points per batch remain unchanged for a fair comparison.
The detailed results achieved on the SemanticKITTI dataset are shown in Table
4.19.

It can be seen that the segmentation performance is slightly improved when
more channels are added (i.e., the wider model), but slightly decreased when more
layers are added (i.e, the deeper model). One possible reason is that the deeper
model has nearly 20 times more parameters, making it prone to overfitting and
difficult to optimize. Additionally, the same hyperparameters may not always be
optimal for each model.

4.4.6.6 Overfitting issue of RandLA-Net

Several point-based methods [193, 122, 222] tend to be overfitting training datasets.
We present both the training and validation accuracy of our RandLA-Net in three
datasets in Table 4.20.
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Table 4.20: Training and validation accuracy of our RandLA-Net on three datasets.

Datasets Overall Accuracy (%)
Training Set Validation set

Toronto3D [185] 93.6 93.0
S3DIS (Area5) [26] 95.7 87.1

SemanticKITTI [28] 94.3 90.9

Overall, our RandLA-Net has good generalization ability, without suffering
from overfitting. The reasons are two-fold. First, RandLA-Net is lightweight
with far fewer network parameters (1.24M) than PointConv [222] (21.7M), KP-
Conv [193] (14.3M), and PointCNN [122] (11.5M). These parameters are shared
by a large amount of 3D points and their neighbours, thus capturing more general
patterns. Second, the random sampling used in our framework can be regarded
as an implicit way of data augmentation and regularization. With the same input
point cloud, the preserved 3D points can be different in multiple training itera-
tions, hence implicitly increasing the data diversity, thereby preventing the net-
work from overfitting the training set.

4.5 Discussion

In this chapter, we presented RandLA-Net, a novel algorithm for 3D point cloud
semantic segmentation that leverages the advantages of random sampling to im-
prove computational and memory efficiency. We also introduce a dedicated lo-
cal feature aggregation module that hierarchically increases the receptive field of
each point, preserving local geometric patterns and improving segmentation per-
formance. The experimental results demonstrate the effectiveness of the proposed
RandLA-Net, which is up to 200 times faster than existing approaches on large-
scale point clouds, making it a suitable choice for processing large-scale point
clouds.

However, our algorithm also has some limitations. Firstly, the use of KNN
for searching point neighbors does not scale linearly and can be a major compu-
tation bottleneck when processing extremely large point clouds. To address this
issue, one potential solution is to use the point-voxel representation [134, 233] or
K-random path selection from KD-Tree or OcTree. Secondly, the random sampling
used in our framework only focuses on the observed points and may miss poten-
tially important information in missing or occluded regions. Therefore, it would
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be interesting to generate new random point sets to learn better local patterns.
Finally, combining the efficiency of random sampling and the effectiveness of ad-
vanced point convolutions [122, 193, 193] is also worth to be further investigated.

4.6 Summary

In this chapter, we demonstrated that it is possible to efficiently and effectively
segment large-scale point clouds by using a lightweight network architecture. In
contrast to most current approaches, that rely on expensive sampling strategies, we
instead use random sampling in our framework to significantly reduce the mem-
ory footprint and computational cost. A local feature aggregation module is also
introduced to effectively preserve useful features from a wide neighbourhood. Ex-
tensive experiments on multiple benchmarks demonstrate the high efficiency and
the state-of-the-art performance of our approach. It would be interesting to extend
our framework for the end-to-end 3D instance segmentation on large-scale point
clouds by drawing on the recent work [238] and also for the real-time dynamic
point cloud processing [130].
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Chapter 5

Learning to Segment Large-Scale 3D
Point Clouds with Fewer Labels

5.1 Introduction

In Chapter 4, we presented an efficient neural architecture for semantic segmen-
tation of large-scale 3D point clouds. However, a major challenge in training this
algorithm is the requirement for costly point-wise semantic annotation, which can
be infeasible and prohibitively time-consuming in real-world scenarios. For exam-
ple, annotating the entire SensatUrban dataset, introduced in Chapter 3, requires
over 600 hours of manual labeling efforts. In this chapter, we aim to address this
challenge by proposing a label-efficient solution that reduces the annotation cost
while preserving the accuracy of the semantic segmentation. The proposed so-
lution integrates with the previous two chapters to form a comprehensive work
flow for large-scale 3D point cloud semantic understanding, encompassing data
collection and construction, data labeling, model training, and deployment. The
ultimate goal of this thesis is to provide individual users with a complete, feasible
solution and work flow for large-scale 3D point cloud semantic understanding.

A comprehensive review of relevant literature reveals that most existing neu-
ral architectures for semantic segmentation of 3D point clouds [157, 122, 51, 90,
193, 134, 263, 49] rely on densely annotated per-point semantic labels for train-
ing. This reliance, however, corresponds to a significant annotation cost. For in-
stance, annotating the LiDAR-based SemanticKITTI dataset [28] requires over 1700
person-hours, and annotating a single indoor scene (5m×5m×2m) [55] takes ap-
proximately 22.3 minutes.

Only a few recent works have attempted to tackle 3D semantic segmentation
using limited point labels to train neural networks. These methods can be broadly
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Raw Point Clouds

RandLA-Net trained with 100% labels

Ground Truth

Ours trained with 0.1% labels

floor wall door chair board bookcase table clutter

Figure 5.1: Qualitative results of RandLA-Net (Chapter 4) and our SQN on the
S3DIS dataset. Trained with only 0.1% annotations, SQN achieves comparable or
even better results than the fully-supervised RandLA-Net. Red bounding boxes
highlight the superior segmentation accuracy of our SQN.

classified into five categories: 1) Utilizing 2D image labels for training, as demon-
strated in [206, 262]; 2) Employing fewer 3D labels through techniques such as
gradient approximation, supervision propagation, and perturbation consistency,
as seen in [234, 249, 209, 216]; 3) Generating pseudo 3D labels from indirect an-
notations, as presented in [187, 215]; 4) Using superpoint annotations from over-
segmentation, as explored in [187, 48, 133]; and 5) Conducting contrastive pre-
training followed by fine-tuning with limited 3D labels, as proposed in [84, 227,
252]. Although these methods have demonstrated encouraging results on multi-
ple datasets, there are still several limitations that need to be addressed.

Firstly, existing approaches usually use custom methods to annotate different
amounts of data (e.g., 10%/5%/1% of raw points or superpoints) for training. It
is thus unclear what proportion of raw points should be annotated and how, mak-
ing fair comparison impossible. Secondly, to fully utilize the sparse annotations,
existing weak-labeling pipelines usually involve multiple stages including care-
ful data augmentation, self-pretraining, fine-tuning, and/or post-processing such
as the use of dense CRF [104]. As a consequence, it tends to be more difficult to
tune the parameters and deploy them in practical applications, compared with the
standard end-to-end training scheme. Thirdly, these techniques do not adequately
consider the strong local semantic homogeneity of point neighbors in large-scale
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point clouds, or do so ineffectively, resulting in the limited, yet valuable, annota-
tions being under-exploited.

Motivated by these issues, we aim to propose a new paradigm for weakly-
supervised semantic segmentation on large-scale point clouds, addressing the above
shortcomings. In particular, we first explore weak-supervision schemes purely
based on existing fully-supervised methods, and take into account two key ques-
tions: 1) how does the performance of existing fully-supervised methods change
with different amounts of annotated data for training? 2) At what point does the
weakly-supervised regime actually begin, given fewer and fewer labels? Our in-
vestigation is designed to shed light on the use of mature architectures for this
task, as opposed to merely relying on techniques developed for 2D images. Our re-
sults indicate that while the accuracy of fully-supervised baselines decreases only
slightly when faced with a small amount of random labeled points, beyond a cer-
tain threshold, such as 0.1% of the full annotations, the performance degrades sig-
nificantly.

With this insight, we propose a novel yet simple Semantic Query Network,
named SQN, for semantic segmentation given as few as 0.1% labeled points for
training. Our SQN firstly encodes the entire raw point cloud into a set of hier-
archical latent representations via an existing feature extractor, and then takes an
arbitrary 3D point position as input to query a subset of latent representations
within a local neighborhood. These queried representations are summarized into
a compact vector and then fed into a series of multilayer perceptrons (MLPs) to
predict the final semantic label. Fundamentally, our SQN explicitly and effectively
considers the semantic similarity between neighboring 3D points, allowing the ex-
tremely sparse training signals to be back-propagated to a much wider spatial re-
gion, thereby achieving superior performance under weak supervision.

Overall, this chapter takes a step to bridge the gap between the highly success-
ful fully-supervised methods to the emerging weakly-supervised schemes, in an
attempt to reduce the time and labor cost of point-cloud annotation. However,
unlike the existing weak-supervision methods, our SQN does not require any self-
supervised pretraining, hand-crafted constraints, or complicated post-processing
steps, whilst obtaining close to fully-supervised accuracy using as few as 0.1%
training labels on multiple large-scale open datasets. Remarkably, for similar ac-
curacy, we find that labeling costs can be reduced by 98% according to our quan-
titative evaluation in experiments. Figure 5.1 shows the qualitative results of our
method. Our key contributions are:
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• The observation that existing fully-supervised methods degrade slowly until 1%
sparse point annotation, demonstrating that full, dense labeling is not necessary.

• The introduction of a novel weakly supervised method that effectively utilizes
sparse training signals through point neighborhood query.

• The demonstration of substantial improvement over baselines in multiple bench-
marks, surpassing the current state-of-the-art weak-supervision methods by large
margins.

5.2 Exploring Weak Supervision

Since weakly-supervised 3D semantic segmentation is still in its infancy, there is no
clear consensus about what are the sensible formulations of weak training signals,
and what approach should be used to sparsely annotate a dataset such that a direct
comparison is possible. Here, we undertake an initial investigation by conducting
a pilot study, examining the performance of existing fully supervised techniques
under various formulations of weak training signals.

Weak Annotation Strategy: The fundamental objective of weakly-supervised
segmentation is to obtain accurate estimations with as low as possible annotation
cost, in terms of labeler time. However, it is non-trivial to compare the cost of dif-
ferent annotation methods in practice. Existing annotation options include: 1) ran-
domly annotating sparse point labels [234, 249, 248], 2) actively annotating sparse
point labels [84, 172] or region-wise labels [221], 3) annotating seg-level labels or
superpoint labels [187, 133, 48] and 4) annotating sub-cloud labels [215]. All meth-
ods have merits. For the purpose of fair reproducibility, we opt for the random
point annotation strategy, considering the practical simplicity of building such an
annotation tool.

Annotation Tool: To verify the feasibility of random sparse annotations in
practice, we develop a user-friendly labeling pipeline based on the off-the-shelf
CloudCompare1 software. Specifically, we first import raw 3D point clouds to the
software and randomly downsample them to 10%/1%/0.1% of the total points for
sparse annotation. Considering the sparsity of the remaining points, we then ex-
plicitly enlarge the size of these sparse points and take the original full point clouds
as a reference. As illustrated in Figure 5.2, we then use the standard labeling mode
such as polygonal edition for point-wise annotating. (Details and video recordings
of our full annotation pipeline are supplied in the experimental section).

1https://www.cloudcompare.org/
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Figure 5.2: Illustration of the sparse annotation tool.

Annotation Cost: With the developed annotation tool, it takes less than 2 min-
utes to annotate 0.1% of points of a standard room in the S3DIS dataset. For com-
parison, it requires more than 20 minutes to annotate all points for the same room.
Note that, the sparse annotation scheme is particularly suitable for large-scale 3D
point clouds with billions of points. As detailed in the experimental section, it only
takes about 18 hours to annotate 0.1% of the urban-scale SensatUrban dataset [88],
while annotating all points requires more than 600 person-hours [88].

Experimental Settings: We choose the well-known S3DIS dataset [26] as the
testbed. The Areas {1/2/3/4/6} are selected as the training point clouds, the Area
5 is fully annotated for testing only. With the random sparse annotation strategy,
we set up the following four groups of weak signals for training. Specifically, we
only annotate the randomly selected 10%/1%/0.1%/0.01% of the 3D points in each
room in all training areas.

Using Fully-supervised Methods as Baselines. We select the seminal works
PointNet/PointNet++ [155, 157] and the large-scale-point-cloud friendly RandLA-
Net introduced in Chapter 4 as baselines. These methods are end-to-end trained on
the four groups of weakly annotated data without using any additional modules.
Specifically, we follow [90] to conduct the data preparation, and then randomly
preserve the semantic labels of a small fraction of points, further training the net-
work by only calculating the loss on these labeled points. The sparse supervision
signals are further back-propagated to update the network weights. Ultimately, a
total of 12 models (3 models/group × 4 groups) are trained for evaluation on the
full Area 5 of the S3DIS dataset.
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Figure 5.3: Degradation of three baselines in the Area-5 of S3DIS [26] dataset when
decreasing proportions of points that are randomly annotated. (Logarithmic scale
used in the horizontal axis).

Results and Findings. Figure 5.3 shows the mIoU scores of all models for seg-
menting the total 13 classes. The results under full supervision (100% annotations
for all training data) are included for comparison. It can be seen that:

• The performance of all baselines only decreases marginally (less than 4%)
even though the proportion of point annotations drops significantly from
100% to 1%. This clearly shows that the dense annotations are actually un-
necessary to obtain a comparable and favorable segmentation accuracy un-
der the simple random annotation strategy.

• The performance of all baselines drops significantly once the annotated points
are less than 0.1%. This critical point indicates that keeping a certain amount
of training signals is also essential for weak supervision.

In conclusion, our results demonstrate that utilizing 0.1% of annotated points
for training represents a more reasonable weakly supervised setting as compared
to utilizing 1% or 5% of annotated points [249, 48]. This leads to the question of
how to optimally leverage the sparse but valuable training signals provided by
these limited annotations to update the network parameters effectively.
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5.3 Semantic Query Network

5.3.1 Overview

Given point clouds with sparse annotations, the fundamental challenge for weakly-
supervised learning is how to fully utilize the sparse yet valuable training signals
to update the network parameters, such that more geometrically meaningful local
patterns can be learned. To resolve this, we design a simple SQN which consists
of two major components: 1) a point local feature extractor to learn diverse visual
patterns; 2) a flexible point feature query network to collect as many as possible
relevant semantic features for weakly-supervised training. As shown in Figure
5.4, our two sub-networks are illustrated by the stacked blocks.
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Figure 5.4: The pipeline of our SQN at the training stage with weak supervision.
We only show one query point for simplicity.

5.3.2 Point Local Feature Extractor

This component aims to extract local features for all points. As discussed in Section
2.2, there are many excellent backbone networks that are able to extract per-point
features. In general, these networks stack multiple encoding layers together with
downsampling operations to extract hierarchical local features. In this chapter, we
use the encoder of RandLA-Net (Chapter 4) as our feature extractor thanks to its
efficiency on large-scale point clouds, although our SQN is not restricted to any
particular backbone network.
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As shown in the top block of Figure 5.4, the encoder includes four layers of
Local Feature Aggregation (LFA) followed by a Random Sampling (RS) operation.
Details refer to RandLA-Net (Chapter 4). Given an input point cloud P with N

points, four levels of hierarchical point features are extracted after each encoding
layer, i.e., 1) N

4
× 32, 2)N

16
× 128, 3) N

64
× 256, and 4) N

256
× 512. To facilitate the subse-

quent query network, the corresponding point location xyz are always preserved
for each hierarchical feature vector.

5.3.3 Point Feature Query Network

Given the extracted point feature vectors, this query network is designed to col-
lect as many relevant features, to be trained using the available sparse signals. In
particular, as shown in the bottom block of Figure 5.4, it takes a specific 3D query
point as input and then acquires a set of learned point features relevant to that
point. Fundamentally, this is assumed that the query point shares similar semantic
information with the collected point features, such that the training signals from
the query points can be shared and back-propagated for the relevant points. The
network consists of three modules: 1) Searching Spatial Neighbouring Point Fea-
tures, 2) Interpolating Query Point Features, 3) Inferring Query Point Semantics.

Searching Spatial Neighbouring Point Features. Given a 3D query point p

with its location xyz, this module is to simply search the nearest K points in each
of the previous 4-level encoded feature vectors, this can be achieved by utilizing
the K nearest neighbor search, based on the point-wise Euclidean distance. For
example, as to the first level of extracted point features, the most relevant K points
are selected, acquiring the raw feature vectors {F 1

p , . . .F
K
p }.

Interpolating Query Point Features. For each level of features, the queried K

vectors are compressed into a compact representation for the query point p. For
simplicity, we apply the trilinear interpolation method to compute a feature vector
for p, according to the Euclidean distance between p and each of K points. Even-
tually, four hierarchical feature vectors are concatenated together, representing all
relevant point features from the entire 3D point cloud.

Inferring Query Point Semantics. After obtaining the unique and representa-
tive feature vector for the query point p, we feed it into a series of MLPs, directly
inferring the point semantic category.

Overall, given a sparse number of annotated points, we parallelly query their
neighboring point features for training. This allows the valuable training signals to
be back-propagated to a much wider spatial context. During testing, all 3D points
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are fed into the two sub-networks for semantic estimation. In fact, our simple
query mechanism greatly enables the network to infer the point semantic cate-
gory from a significantly larger receptive field. To summarize, there are two key
differences between the semantic query mechanism of SQN and existing (fully-
supervised) architectures, which can be summarized as follows:

• Wider Semantic Propagation: Given sparse labels, the key is to effectively
spread the limited supervision signals to wider contexts. SQN fully exploits
the prior knowledge of local semantic homogeneity, by querying parallelly
and hierarchically at wider and wider spatial contexts.

• Easily Learnable Architecture: Existing fully-super- vised networks usually
adopt dense and deep U-Net connections. Despite sophistication, they are
data-hungry and can be hardly well optimized, particularly in settings of
extremely sparse labels. However, our light SQN simply adopts encoding
layers followed by MLPs, allowing the parameters to be easily learned with
sparse signals.

5.3.4 Implementation Details

The hyper-parameter K is set to 3 for semantic query in our SQN framework and
kept consistent for all experiments. Our SQN is trained end-to-end with 0.1% ran-
domly annotated points. All experiments are conducted on a PC with an Intel
Core™ i9-10900X CPU and an NVIDIA RTX Titan GPU with 24G memory. Note
that, the proposed SQN framework allows flexible use of different backbone net-
works such as voxel-based MinkowskiNet [51], please refer to the experiment part
for more details.

5.3.5 Relations to Previous SuperPoint-based Methods

Here we discuss the relation between the proposed SQN and the previous superpoint-
based methods [48, 133]. To clarify, both SQN and superpoint approaches have
similar design philosophies of leveraging local semantic homogeneity, but in dif-
ferent ways. The key difference can be summarized as follows:

• The key idea of superpoint methods is to partition the raw point clouds into
geometrically simple primitives (i.e., hard superpoints). However, such a
strong assumption collapses on sparse LiDAR point clouds. This can be ver-
ified by the fact that the mIoU of SPGraph on SemanticKITTI is only 17.4%
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(Table 4). Not surprisingly, the superpoint-based weakly supervised seman-
tic segmentation network [48, 133] all fail to report experimental results on
SemanticKITTI.

• By contrast, SQN uses a simple and flexible query mechanism followed by
vanilla MLPs, thus learning soft embedding of superpoints or superareas from
sparse annotations. We also evaluate the segmentation performance of our
SQN on the SemanticKITTI dataset (Sec. 5.4.4.4), which is composed of sparse
LiDAR point clouds. Hence, SQN is more general and effective for different
types of point clouds.

5.4 Experiments

In this section, we first introduce the developed annotation tool for sparse point
clouds and the detailed annotation cost of our sparse annotation scheme. Next,
we compare the semantic segmentation performance of our SQN with the state-
of-the-art weakly supervised methods on the S3DIS [26], ScanNet [55], and Se-
mantic3D [76] benchmarks. Then, we evaluate our SQN on four large-scale point
clouds datasets including SensatUrban [88], Toronto3D [185], DALES [200], and
SemanticKITTI [28]. Lastly, ablation studies are conducted to evaluate the effec-
tiveness of each component.

5.4.1 Sparse Annotation Tool

5.4.1.1 Annotation Pipeline

As mentioned in Section 5.2, we develop a user-friendly annotation pipeline based
on the off-the-shelf software. Here, we provide more detailed information on the
pipeline. Specifically, given large-scale raw point clouds, the sparse annotation
pipeline could be generally divided into the following steps:

1. Load the raw point clouds;
2. Random downsample to a specified ratio (e.g., 0.1%);
3. Increase the point size of the downsampled points;
4. Visualize the original point cloud and the down-sampled point cloud simul-

taneously;
5. Annotate downsampled points in polygonal edition mode;
6. Refine point labels.
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We also provide a video illustrating the annotation pipeline, which can be
viewed at https://youtu.be/N0UAeY31msY.

5.4.1.2 The Number of Annotated Points on 7 Datasets

Considering that the existing large-scale point cloud datasets usually have millions
of points, and typically have relatively high density, we therefore follow [193, 90]
to perform grid downsampling of raw point clouds at the beginning, and then ex-
ecute the random-based annotation steps in practice. Note that, all experiments of
our SQN on the seven public datasets follow this setting. As shown in Table 5.1, the
grid downsampling at the beginning can significantly reduce the number of raw
points. Taking the Semantic3D dataset which has high density as an example, the
total number of points after grid downsampling becomes 1/50 of the original point
clouds. Following the 0.1% sparse annotation pipeline in our SQN, the total num-
ber of annotated points is only 78100, which is approximately 0.002% of the total
raw points. To avoid confusion, we still report the 0.1% labeling ratio in the main
paper to keep consistency (i.e., the number of annotated points after grid down-
sampling / the total number of points after grid downsampling). Importantly, this
is significantly different from 1T1C [133] and cannot be directly compared, which
calculates its labeling ratio by using the number of labeled instances divided by
the total number of points, so as to achieve an over-exaggerated labeling ratio.

Table 5.1: A comparison of the total number of points (M: Million) before and after
grid sampling for seven public datasets. The grid size and the number of actual
annotated points under our 0.1% supervision setting are also reported.

Grid size Raw pts Grid sampled pts Anno. pts (0.1%)
S3DIS [26] 0.04 273M 18.6M 18,600

Semantic3D [76] 0.06 4000M 78.1M 78,100
ScanNet [200] 0.04 242M 60.2M 60,200

SemanticKITTI [28] 0.06 5299M 3401M 3.4M
DALES [200] 0.32 505M 211M 211,000

SensatUrban [88] 0.2 2847M 221M 221,000
Toronto3D [185] 0.04 78.3M 24.3M 24,300

5.4.1.3 Annotation Cost

The sparse annotation scheme used in our SQN can greatly reduce the annotation
cost in practice, especially for extremely large-scale 3D point clouds with billions
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of points. Taking 0.1% sparse point annotation as an example, with the devel-
oped CloudComapre-based labeling tool, a professional annotator can finish the
annotation of the whole SensatUrban [88] dataset within 16 hours. By compari-
son, the original dense point-wise labeling costs 600 person-hours. Primarily, this
is because the random annotation-based pipeline offers great error tolerance to avoid anno-
tating boundary areas (as only a very small number of points fall on the boundary),
hence advanced functions such as polygonal edition can be freely and flexibly use,
finally improve the productivity. In the traditional dense labeling pipeline, annota-
tors are usually required to rotate and zoom back and forth to accurately separate
the boundary areas, which consumes most of the labeling time. However, the ran-
dom annotation-based pipeline used in our developed tool can greatly reduce such
time-consuming labeling of boundary areas, hence greatly reducing the overall an-
notation cost. Note that, the annotation cost (i.e., the total annotation time) could
be further reduced if more advanced annotation software such as QTModeler2 is
used, where the user interface is more friendly.

5.4.2 Experimental Setup

(1) Data augmentation. We follow [234] to apply different data augmentation tech-
niques on the input point clouds during training, including random flipping, ran-
dom rotation, and random noise.

(2) Re-training with generated pseudo labels. We observe that different datasets
(e.g., S3DIS [26] vs. Semantic3D [76]) have significantly different number of total
points (273 million vs. 4000 million points). Therefore, the actual number of an-
notated points under our weak supervision setting (0.1%) are also different (18600
vs. 78100, as reported in Table 5.1). In the experiment, for the relatively small-scale
S3DIS dataset which has extremely sparse supervision signals, we empirically find
that retraining a new model with the generated pseudo labels can further increase
the final segmentation performance. In particular, we firstly train our SQN with
the limited annotated 0.1% points, and then infer the semantics of the entire train-
ing set. These estimated semantics are regarded as pseudo labels. After that, we
retrain a new model of our SQN from scratch with the generated pseudo labels.
This retraining trick is able to fully utilize the extremely limited but valuable su-
pervision signals. However, for large-scale datasets including Semantic3D [76],
SensatUrban [88], SemanticKITTI [28], DALES [200] in Section 5.4.4, our SQN can

2https://appliedimagery.com/

116

https://appliedimagery.com/


Input Point Clouds Ground Truth Ours with 0.1% labels RandLA with 100% labels

floor wall door chair board bookcase table clutter sofa

o
ff

ic
e_

18
o

ff
ic

e_
2

o
ff

ic
e_

26

Figure 5.5: Qualitative results achieved by our SQN and the fully-supervised
RandLA-Net (Chapter 4) on the Area-5 of the S3DIS dataset.

achieve satisfactory results trained with 0.1% annotated points, while the retrain-
ing trick does not noticeably improve the performance. Advanced techniques such
as pseudo label refining [246] will be further explored in future work.

5.4.3 Comparison with SOTA Approaches

We first evaluate the performance of our SQN on three commonly-used bench-
marks including S3DIS [26], ScanNet [55] and Semantic3D [76]. Following [90],
we use the Overall Accuracy (OA) and mean Intersection-over-Union (mIoU) as
the main evaluation metrics. Note that, we evaluate the final performance on all
points of the original test set for a fair comparison.

5.4.3.1 Evaluation on S3DIS

The indoor S3DIS [26] dataset has 273 million 3D points belonging to 13 classes.
Following [234], we report the results on Area-5 in Table 5.2. Note that, our SQN
is compared with three groups of approaches: 1) Fully-supervised methods in-
cluding SPGraph [110], KPConv [193] and RandLA-Net with 100% training la-
bels; 2) Weakly supervised approaches that learn from limited superpoint anno-
tations including 1T1C [133] and SSPC-Net [48]; 3) Weakly-supervised methods
[234, 188, 107] that learning from limited annotations. We also list the proportion
of annotations used for training.
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Table 5.2: Quantitative results of different methods on the Area-5 of S3DIS dataset.
Mean IoU (mIoU, %), and per-class IoU (%) scores are reported. Note that, †The
ratios of these methods represent the ratio of super-point annotations and cannot
be directly compared. Bold represents the best result in weak supervision and
underlined represents the best in full supervision.

Methods mIoU(%) ceiling floor wall beam column window door table chair sofa bookcase board clutter

Full
supervision

PointNet [155] 41.1 88.8 97.3 69.8 0.1 3.9 46.3 10.8 58.9 52.6 5.9 40.3 26.4 33.2
PointCNN [122] 57.3 92.3 98.2 79.4 0.0 17.6 22.8 62.1 74.4 80.6 31.7 66.7 62.1 56.7

SPGraph [110] 58.0 89.4 96.9 78.1 0.0 2.8 48.9 61.6 4.7 75.4 69.8 52.6 2.1 52.2
SPH3D [116] 59.5 3.3 97.1 81.1 0.0 33.2 45.8 43.8 79.7 86.9 33.2 71.5 54.1 53.7

PointWeb [255] 60.3 92.0 8.5 79.4 0.0 21.1 59.7 34.8 76.3 88.3 46.9 69.3 64.9 52.5
RandLA-Net [90] 63.0 92.4 96.7 80.6 0.0 18.3 1.3 43.3 77.2 85.2 1.5 71.0 9.2 52.3

KPConv rigid [193] 5.4 92.6 97.3 1.4 0.0 16.5 54.5 9.5 80.2 0.1 66.4 4.6 63.7 8.1
Limited

superpoint labels†
1T1C (0.02%) [133] 50.1 - - - - - - - - - - - - -

SSPC-Net (0.01%) [48] 51.5 - - - - - - - - - - - - -

Limited
point-wise

labels

Π Model (10%) [107] 46.3 91.8 97.1 73.8 0.0 5.1 42.0 19.6 67.2 66.7 47.9 19.1 30.6 41.3
MT (10%) [188] 47.9 92.2 96.8 74.1 0.0 10.4 46.2 17.7 70.7 67.0 50.2 24.4 30.7 42.2
Xu (10%) [234] 48.0 90.9 97.3 74.8 0.0 8.4 49.3 27.3 71.7 69.0 53.2 16.5 23.3 42.8

Zhang et al. (1%) [248] 61.8 91.5 96.9 80.6 0.0 18.2 58.1 47.2 75.8 85.7 65.2 68.9 65.0 50.2
PSD (1%) [249] 63.5 92.3 97.7 80.7 0.0 27.8 56.2 62.5 78.7 84.1 63.1 70.4 58.9 53.2

Π Model (0.2%) [107] 44.3 89.1 97.0 71.5 0.0 3.6 43.2 27.4 63.1 62.1 43.7 14.7 24.0 36.7
MT (0.2%) [188] 44.4 88.9 96.8 70.1 0.1 3.0 44.3 28.8 63.7 63.6 47.7 15.5 23.0 35.8
Xu (0.2%) [234] 44.5 90.1 97.1 71.9 0.0 1.9 47.2 29.3 64.0 62.9 42.2 15.9 18.9 37.5

RandLA-Net (0.1%) 52.9 89.9 95.9 75.3 0.0 7.5 52.4 26.5 62.2 74.5 49.1 60.2 49.3 45.1
Ours (0.1%) 61.4 91.7 95.6 78.7 0.0 24.2 55.8 63.1 70.5 83.1 60.6 67.8 56.1 50.6

Table 5.3: Quantitative results of different approaches on ScanNet (online test set).
Mean IoU (mIoU, %), and per-class IoU (%) scores are reported.

Settings Method mIoU(%) bath bed bkshf cab chair cntr curt desk door floor other pic fridg show sink sofa table toil wall wind

Full
supervision

ScanNet [55] 30.6 20.3 36.6 50.1 31.1 52.4 21.1 0.2 34.2 18.9 78.6 14.5 10.2 24.5 15.2 31.8 34.8 30.0 46.0 43.7 18.2
PointNet++ [157] 33.9 58.4 47.8 45.8 25.6 36.0 25.0 24.7 27.8 26.1 67.7 18.3 11.7 21.2 14.5 36.4 34.6 23.2 54.8 52.3 25.2

SPLATNET3D [179] 39.3 47.2 51.1 60.6 31.1 65.6 24.5 40.5 32.8 19.7 92.7 22.7 0.0 0.1 24.9 27.1 51.0 38.3 59.3 69.9 26.7
Tangent-Conv [189] 43.8 43.7 64.6 47.4 36.9 64.5 35.3 25.8 28.2 27.9 91.8 29.8 14.7 28.3 29.4 48.7 56.2 42.7 61.9 63.3 35.2

PointCNN [122] 45.8 57.7 61.1 35.6 32.1 71.5 29.9 37.6 32.8 31.9 94.4 28.5 16.4 21.6 22.9 48.4 54.5 45.6 75.5 70.9 47.5
PointConv [222] 55.6 63.6 64.0 57.4 47.2 73.9 43.0 43.3 41.8 44.5 94.4 37.2 18.5 46.4 57.5 54.0 63.9 50.5 82.7 76.2 51.5

SPH3D-GCN [116] 61.0 85.8 77.2 48.9 53.2 79.2 40.4 64.3 57.0 50.7 93.5 41.4 4.6 51.0 70.2 60.2 70.5 54.9 85.9 77.3 53.4
KPConv [193] 68.4 84.7 75.8 78.4 64.7 81.4 47.3 77.2 60.5 59.4 93.5 45.0 18.1 58.7 80.5 69.0 78.5 61.4 88.2 81.9 63.2

SparseConvNet [73] 72.5 64.7 82.1 84.6 72.1 86.9 53.3 75.4 60.3 61.4 95.5 57.2 32.5 71.0 87.0 72.4 82.3 62.8 93.4 86.5 68.3
SegGCN [115] 58.9 83.3 73.1 53.9 51.4 78.9 44.8 46.7 57.3 48.4 93.6 39.6 6.1 50.1 50.7 59.4 70.0 56.3 87.4 77.1 49.3

RandLA-Net [90] 64.5 77.8 73.1 69.9 57.7 82.9 44.6 73.6 47.7 52.3 94.5 45.4 26.9 48.4 74.9 61.8 73.8 59.9 82.7 79.2 62.1
Weak sup. Ours (0.1%) 56.9 67.6 69.6 65.7 49.7 77.9 42.4 54.8 51.5 37.6 90.2 42.2 35.7 37.9 45.6 59.6 65.9 54.4 68.5 66.5 55.6

It can be seen that our SQN outperforms other weakly-supervised methods in-
cluding [188, 234, 107] by large margins with only 0.1% annotations used, and sur-
passes the baseline RandLA-Net by nearly 9% under same weakly-supervised set-
tings. In particular, our SQN is also comparable to the fully-supervised RandLA-
Net. Figure 5.5 shows qualitative comparisons of RandLA-Net and our SQN.

5.4.3.2 Evaluation on ScanNet

The ScanNet [55] dataset consists of 1613 indoor scans (1201 for training, 312 for
validation, and 100 for online testing). It has nearly 242 million points sampled
from the densely reconstructed 3D meshes. We report the quantitative results
achieved by different approaches on the hidden test set in Table 5.3. It can be
seen that our SQN achieves higher mIoU scores with only 0.1% training labels,
compared with MPRM [215] which is trained with sub-cloud labels, and Zhang et
al. [248] and PSD [249] trained with 1% annotations.
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Table 5.4: Quantitative results of different approaches on Semantic3D (semantic-8)
[76]. This test consists of 2,091,952,018 points. The scores are obtained from recent
publications. Bold represents the best result in weakly-supervised methods, and
underlined represents the best results in fully-supervised methods.

Settings Methods mIoU(%) OA(%) man-made. natural. high veg. low veg. buildings hard scape scanning art. cars

Full
supervision

TML-PC [147] 39.1 74.5 80.4 66.1 42.3 41.2 64.7 12.4 0.0 5.8
TMLC-MS [77] 49.4 85.0 91.1 69.5 32.8 21.6 87.6 25.9 11.3 55.3

PointNet++ [157] 63.1 85.7 81.9 78.1 64.3 51.7 75.9 36.4 43.7 72.6
EdgeConv [53] 64.4 89.6 91.1 69.5 65.0 56.0 89.7 30.0 43.8 69.7

SnapNet [32] 67.4 91.0 89.6 79.5 74.8 56.1 90.9 36.5 34.3 77.2
PointGCR [139] 69.5 92.1 93.8 80.0 64.4 66.4 93.2 39.2 34.3 85.3

RGNet [195] 72.0 90.6 86.4 70.3 69.5 68.0 96.9 43.4 52.3 89.5
LCP [33] 74.6 94.1 94.7 85.2 77.4 70.4 94.0 52.9 29.4 92.6

SPGraph [110] 76.2 92.9 91.5 75.6 78.3 71.7 94.4 56.8 52.9 88.4
ConvPoint [31] 76.5 93.4 92.1 80.6 76.0 71.9 95.6 47.3 61.1 87.7

RandLA-Net [90] 75.8 95.0 97.4 93.0 70.2 65.2 94.4 49.0 44.7 92.7
WreathProdNet [211] 77.1 94.6 95.2 87.1 75.3 67.1 96.1 51.3 51.0 93.4

Weak
supervision

Ours (0.1%) 72.3 94.8 97.9 93.2 65.5 63.4 94.9 44.9 47.4 70.9
Ours (0.01%) 58.8 91.9 96.7 90.3 56.6 53.3 90.7 13.6 24.0 44.9

Table 5.5: Quantitative results of different approaches on Semantic3D (reduced-8)
[76]. This test consists of 78,699,329 points. The scores are obtained from the recent
publications. Bold represents the best result in weakly-supervised methods, and
underlined represents the best results in fully-supervised methods.

Settings Methods mIoU(%) OA(%) man-made. natural. high veg. low veg. buildings hard scape scanning art. cars

Full
supervision

SnapNet [32] 59.1 88.6 82.0 77.3 79.7 22.9 91.1 18.4 37.3 64.4
SEGCloud [190] 61.3 88.1 83.9 66.0 86.0 40.5 91.1 30.9 27.5 64.3

RF MSSF [192] 62.7 90.3 87.6 80.3 81.8 36.4 92.2 24.1 42.6 56.6
MSDeepVoxNet [166] 65.3 88.4 83.0 67.2 83.8 36.7 92.4 31.3 50.0 78.2

ShellNet [254] 69.3 93.2 96.3 90.4 83.9 41.0 94.2 34.7 43.9 70.2
GACNet [208] 70.8 91.9 86.4 77.7 88.5 60.6 94.2 37.3 43.5 77.8

SPG [110] 73.2 94.0 97.4 92.6 87.9 44.0 83.2 31.0 63.5 76.2
KPConv [193] 74.6 92.9 90.9 82.2 84.2 47.9 94.9 40.0 77.3 79.9

RGNet [195] 74.7 94.5 97.5 93.0 88.1 48.1 94.6 36.2 72.0 68.0
RandLA-Net [90] 77.4 94.8 95.6 91.4 86.6 51.5 95.7 51.5 69.8 76.8

Weak
supervision

Ours (0.1%) 74.7 93.7 97.1 90.8 84.7 48.5 93.9 37.4 71.0 74.5
Ours (0.01%) 65.6 90.3 96.6 87.5 80.6 37.1 88.5 16.9 56.6 60.9

5.4.3.3 Evaluation on Semantic3D

This dataset consists of 30 urban and rural street scenarios (15 for training and 15
for online testing). There are 4 billion points in total acquired by the terrestrial
laser. The detailed experimental results achieved on the Semantic8 and Reduced8
subset of the Semantic3D dataset are reported in Table 5.4 and Table 5.5. It can be
seen that our SQN trained with 0.1% labels achieves competitive performance with
fully-supervised baselines on both Semantic8 and Reduced8 subsets. This clearly
demonstrates the effectiveness of our semantic query framework, which takes full
advantage of the limited annotations. Additionally, we also train our SQN with
only 0.01% randomly annotated points, considering the extremely large amount
of 3D points scanned. We can see that our SQN trained with 0.01% labels also
achieves satisfactory accuracy, though there is space to be improved in the fu-
ture. In addition, we also show the qualitative results achieved by our SQN on
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Figure 5.6: Qualitative results achieved by our SQN on the reduced-8 split of Se-
mantic3D. Note that, the ground truth of the test set is not publicly available.

the Reduced-8 subset with 0.1% labels in Fig 5.6.

5.4.4 Evaluation on Large-Scale 3D Benchmarks

To validate the versatility of our SQN, we further evaluate our SQN on four out-
door large-scale point cloud datasets with significant different density and quality,
including SensatUrban [88], Toronto3D [185], DALES [200], and SemanticKITTI
[28]. Note that, all existing weakly supervised approaches are only evaluated on
the dataset with dense point clouds, and there are no results reported on these
datasets. Therefore, we only compare our approach with existing fully-supervised
methods in this section.

5.4.4.1 Evaluation on SensatUrban

This is a new urban-scale photogrammetry point cloud dataset covering over 7.6
square kilometers of urban areas in the UK. It has nearly 3 billion points in total.
Note that, this dataset is extremely challenging due to the imbalanced class dis-
tributions. The detailed experimental results achieved on the SensatUrban dataset
are reported in Table 5.6. In addition, we also show the qualitative results achieved
by our SQN trained with only 0.1% labels on this dataset in Fig. 5.11.

5.4.4.2 Evaluation on Toronto3D

This dataset consists of 1KM urban road point clouds acquired by vehicle-mounted
mobile laser systems. It has 78.3 million points belonging to 8 semantic cate-
gories. Here, we provide the quantitative comparison of our SQN and several
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Table 5.6: Benchmark results of the baselines on our SensatUrban. Overall Accu-
racy (OA, %), mean class Accuracy (mAcc, %), mean IoU (mIoU, %), and per-class
IoU (%) scores are reported. Bold represents the best result in weakly-supervised
methods, and underlined represents the best results in fully-supervised methods.
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Full
supervision

PointNet [155] 80.78 30.32 23.71 67.96 89.52 80.05 0.00 0.00 3.95 0.00 31.55 0.00 35.14 0.00 0.00 0.00
PointNet++ [157] 84.30 39.97 32.92 72.46 94.24 84.77 2.72 2.09 25.79 0.00 31.54 11.42 38.84 7.12 0.00 56.93
TagentConv [189] 76.97 43.71 33.30 71.54 91.38 75.90 35.22 0.00 45.34 0.00 26.69 19.24 67.58 0.01 0.00 0.00

SPGraph [110] 85.27 44.39 37.29 69.93 94.55 88.87 32.83 12.58 15.77 15.48 30.63 22.96 56.42 0.54 0.00 44.24
SparseConv [73] 88.66 63.28 42.66 74.10 97.90 94.20 63.30 7.50 24.20 0.00 30.10 34.00 74.40 0.00 0.00 54.80

KPConv [193] 93.20 63.76 57.58 87.10 98.91 95.33 74.40 28.69 41.38 0.00 55.99 54.43 85.67 40.39 0.00 86.30
RandLA-Net [90] 89.78 69.64 52.69 80.11 98.07 91.58 48.88 40.75 51.62 0.00 56.67 33.23 80.14 32.63 0.00 71.31

Weak
supervision

Ours (0.1%) 90.97 70.84 53.97 83.41 98.22 94.22 48.38 50.84 40.89 14.53 50.72 38.48 75.62 34.03 0.00 72.26
Ours (0.01%) 85.57 49.40 37.17 74.89 96.67 88.77 32.43 7.49 12.84 0.00 29.32 22.15 67.25 0.02 0.00 51.38

Table 5.7: Quantitative results of different approaches on the Toronto3D [185]
dataset. The scores of the baselines are obtained from [185]. Bold represents the
best result in weakly-supervised methods, and underlined represents the best re-
sults in fully-supervised methods.

Settings Methods OA(%) mIoU(%) Road Rd mrk. Natural Building Util. line Pole Car Fence

Full
supervision

PointNet++ [157] 84.88 41.81 89.27 0.00 69.06 54.16 43.78 23.30 52.00 2.95
PointNet++ (MSG) [157] 92.56 59.47 92.90 0.00 86.13 82.15 60.96 62.81 76.41 14.43

DGCNN [213] 94.24 61.79 93.88 0.00 91.25 80.39 62.40 62.32 88.26 15.81
KPFCNN [193] 95.39 69.11 94.62 0.06 96.07 91.51 87.68 81.56 85.66 15.72

MS-PCNN [138] 90.03 65.89 93.84 3.83 93.46 82.59 67.80 71.95 91.12 22.50
TGNet [123] 94.08 61.34 93.54 0.00 90.83 81.57 65.26 62.98 88.73 7.85

MS-TGNet [185] 95.71 70.50 94.41 17.19 95.72 88.83 76.01 73.97 94.24 23.64
RandLA-Net (w/ RGB)† [90] 97.15 81.88 96.69 64.10 96.85 94.14 88.03 77.48 93.21 44.53
RandLA-Net (w/o RGB) [90] 95.63 77.72 94.53 42.44 96.62 93.10 86.56 76.83 92.55 39.14

Weak
supervision

Ours (w/ RGB, 0.1%)† 96.67 77.75 96.69 65.67 94.58 91.34 83.36 70.59 88.87 30.91
Ours (w/o RGB, 0.1%) 92.84 69.35 93.74 16.83 92.55 89.04 82.50 63.98 88.17 28.01

Ours (w/ RGB, 0.01%)† 94.19 68.17 95.26 54.44 88.20 84.07 75.87 57.52 84.33 5.69
Ours (w/o RGB, 0.01%) 90.47 57.57 90.97 4.99 84.10 80.29 62.78 56.51 69.49 11.44

fully-supervised methods in Table 5.7. Following [90], we also additionally report
the performance of our method with and without color information. It can be seen
that our SQN outperforms several fully-supervised methods such as KPConv, with
merely 0.1% of point annotations for training. We also notice that the usage of color
information closes the gap between our method and the top-performing RandLA-
Net. This implies that it could be helpful to introduce auxiliary information under
the setting of weak supervision.

5.4.4.3 Evaluation on DALES

This dataset consists of large-scale earth scans acquired by an aerial LiDAR. It cov-
ers over 10 km2 spatial ranges with 5 million points belonging to 8 semantic cate-
gories. We compare our SQN with strong fully-supervised approaches. As shown
in Table 5.8, our method achieves higher mIoU scores than PointNet++ [157], Con-
vPoint [33], SPGraph [110], PointCNN [122] and ShellNet [254], with only 0.1%
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Table 5.8: Quantitative results of different approaches on the DALES dataset. Over-
all Accuracy (OA, %), mean class Accuracy (mAcc, %), mean IoU (mIoU, %),
and per-class IoU (%) are reported. Bold represents the best result in weakly-
supervised methods, and underlined represents the best results in fully-supervised
methods.

Settings Method OA(%) mIoU(%) ground buildings cars trucks poles power lines fences vegetation

Full
supervision

ShellNet [254] 96.4 57.4 96.0 95.4 32.2 39.6 20.0 27.4 60.0 88.4
PointCNN [122] 97.2 58.4 97.5 95.7 40.6 4.80 57.6 26.7 52.6 91.7
SuperPoint [110] 95.5 60.6 94.7 93.4 62.9 18.7 28.5 65.2 33.6 87.9

ConvPoint [31] 97.2 67.4 96.9 96.3 75.5 21.7 40.3 86.7 29.6 91.9
PointNet++ [157] 95.7 68.3 94.1 89.1 75.4 30.3 40.0 79.9 46.2 91.2

KPConv [193] 97.8 81.1 97.1 96.6 85.3 41.9 75.0 95.5 63.5 94.1
RandLA-Net [90] 97.1 80.0 97.0 93.2 83.7 43.8 59.4 94.8 71.5 96.6

Pyramid Point [201] 98.3 83.6 97.8 97.3 88.4 47.9 77.6 96.7 67.5 95.4
Weak

supervision
Ours (0.1%) 97.1 72.0 96.7 92.0 75.2 27.3 87.4 48.1 53.7 95.8

Ours (0.01%) 95.9 60.4 95.9 90.1 57.7 12.8 75.2 32.9 24.9 93.4

labels for training. However, there is still a performance gap compared with the
leading fully-supervised counterparts such as RandLA-Net, primarily due to our
weak performance on minor categories such as trucks and cars. The potential rea-
son is that the simple random annotation strategy may happen to ignore the un-
derrepresented classes.

5.4.4.4 Evaluation on SemanticKITTI

This large-scale dataset consists of point cloud sequences captured by LiDAR for
autonomous driving. In particular, it has 22 sequences, 43552 sparse scans, and
nearly 4 billion points. Note that, RGB is not available in this dataset. We compare
our SQN with fully-supervised techniques on the online test set in Table 5.9. It
can be seen that our approach achieves a satisfactory mIoU score, outperforming
several strong baselines with only 0.1% labels for training. In addition, our model
only has 1.05 million trainable parameters, and is extremely lightweight and suit-
able for real-world applications. Finally, we also visualize the segmentation results
achieved by our SQN on the validation set of the SemanticKITTI dataset in Fig. 5.7.

5.4.5 Ablation Study

To evaluate the effectiveness of each module in our framework, we conduct the
following ablation studies. All ablated networks are trained on Areas{1/2/3/4/6}
with 0.1% labels, and tested on the Area-5 of the S3DIS dataset.
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Table 5.9: Quantitative results of different approaches on SemanticKITTI [28]. The
scores are obtained from recent publications. Bold represents the best result in
weakly-supervised methods, and underlined represents the best results in fully-
supervised methods.
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Full
supervision

PointNet [155] 14.6 3 61.6 35.7 15.8 1.4 41.4 46.3 0.1 1.3 0.3 0.8 31.0 4.6 17.6 0.2 0.2 0.0 12.9 2.4 3.7
SPG [110] 17.4 0.25 45.0 28.5 0.6 0.6 64.3 49.3 0.1 0.2 0.2 0.8 48.9 27.2 24.6 0.3 2.7 0.1 20.8 15.9 0.8

SPLATNet [179] 18.4 0.8 64.6 39.1 0.4 0.0 58.3 58.2 0.0 0.0 0.0 0.0 71.1 9.9 19.3 0.0 0.0 0.0 23.1 5.6 0.0
PointNet++ [157] 20.1 6 72.0 41.8 18.7 5.6 62.3 53.7 0.9 1.9 0.2 0.2 46.5 13.8 30.0 0.9 1.0 0.0 16.9 6.0 8.9

TangentConv [189] 40.9 0.4 83.9 63.9 33.4 15.4 83.4 90.8 15.2 2.7 16.5 12.1 79.5 49.3 58.1 23.0 28.4 8.1 49.0 35.8 28.5
LatticeNet [163] 52.2 - 88.8 73.8 64.6 25.6 86.9 88.6 43.3 12.0 20.8 24.8 76.4 57.9 54.7 34.2 39.9 60.9 55.2 41.5 42.7

PolarNet [250] 54.3 14 90.8 74.4 61.7 21.7 90.0 93.8 22.9 40.2 30.1 28.5 84.0 65.5 67.8 43.2 40.2 5.6 61.3 51.8 57.5
RandLA-Net [90] 55.9 1.24 90.5 74.0 61.8 24.5 89.7 94.2 43.9 47.4 32.2 39.1 83.8 63.6 68.6 48.4 47.4 9.4 60.4 51.0 50.7
SqueezeSeg [218] 29.5 1 85.4 54.3 26.9 4.5 57.4 68.8 3.3 16.0 4.1 3.6 60.0 24.3 53.7 12.9 13.1 0.9 29.0 17.5 24.5

SqueezeSegV2 [219] 39.7 1 88.6 67.6 45.8 17.7 73.7 81.8 13.4 18.5 17.9 14.0 71.8 35.8 60.2 20.1 25.1 3.9 41.1 20.2 36.3
DarkNet21Seg [28] 47.4 25 91.4 74.0 57.0 26.4 81.9 85.4 18.6 26.2 26.5 15.6 77.6 48.4 63.6 31.8 33.6 4.0 52.3 36.0 50.0
DarkNet53Seg [28] 49.9 50 91.8 74.6 64.8 27.9 84.1 86.4 25.5 24.5 32.7 22.6 78.3 50.1 64.0 36.2 33.6 4.7 55.0 38.9 52.2

RangeNet53++ [144] 52.2 50 91.8 75.2 65.0 27.8 87.4 91.4 25.7 25.7 34.4 23.0 80.5 55.1 64.6 38.3 38.8 4.8 58.6 47.9 55.9
SalsaNext [54] 54.5 6.73 90.9 74.0 58.1 27.8 87.9 90.9 21.7 36.4 29.5 19.9 81.8 61.7 66.3 52.0 52.7 16.0 58.2 51.7 58.0

SqueezeSegV3 [230] 55.9 26 91.7 74.8 63.4 26.4 89.0 92.5 29.6 38.7 36.5 33.0 82.0 58.7 65.4 45.6 46.2 20.1 59.4 49.6 58.9
Weak

supervision
Ours (0.1%) 50.8 1.05 90.5 72.9 56.8 19.1 84.8 92.1 36.7 39.3 30.1 26.0 80.8 59.1 67.0 36.4 25.3 7.2 53.3 44.5 44.0

Ours (0.01%) 39.1 1.05 86.6 66.4 43.0 16.9 80.0 85.5 12.9 4.0 1.4 18.4 72.7 49.6 58.8 16.9 22.3 4.3 42.3 31.7 16.6

5.4.5.1 Variants of Semantic Queries

The hierarchical point feature query mechanism is the major component of our
SQN. To evaluate this component, we perform semantic queries at different en-
coding layers. In particular, we train four additional models, each of which has a
different combination of queried neighboring point features.

Table 5.10: Ablations of different levels of semantic query.

Model 1st 2nd 3rd 4st OA(%) mIoU(%)
A ✓ 48.66 22.89
B ✓ 75.54 46.02
C ✓ ✓ 70.76 38.18
D ✓ ✓ ✓ 82.37 54.21
E ✓ ✓ ✓ ✓ 86.26 61.37

From Table 5.10 we can see that the segmentation performance drops signifi-
cantly if we only collect the relevant point features at a single layer (e.g., the first
or the last layer), whilst querying at the last layer can achieve much better results
than in the first layer. This is because the points in the last encoding layer are quite
sparse but representative, aggregating a large number of neighboring points. Ad-
ditionally, querying at different encoding layers and combining them is likely to
achieve better segmentation results, mainly because it integrates different spatial
levels of semantic content and considers more neighboring points.
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Figure 5.7: Qualitative results achieved by our SQN on the validation set (Sequence
08) of SemanticKITTI [28] dataset. The red circle highlights the failure case.

5.4.5.2 Varying Number of Queried Neighbours

Intuitively, querying a larger neighborhood is more likely to achieve better results.
However, an overly large neighborhood may include points with very different se-
mantics, diminishing overall performance. To investigate the impact of the num-
ber of neighboring points used in our semantic query, we conduct experiments by
varying the number of neighboring points from 1 to 25. As shown in Figure 5.8,
the overall performance with differing numbers of neighboring points does not
change significantly, showing that our simple query mechanism is robust3 to the
size of the neighboring patch. Instead, the mixture of different feature levels plays
a more important role as demonstrated in Table 5.10.

3To avoid ambiguity, unless otherwise specified, the robust/robustness used in this thesis only
means insensitivity to variations (e.g., different sizes of the neighboring patch, different randomly
annotated points), which is different from the “adversarial robustness” or “robustness verification”.
The latter focus on providing provable guarantees for the evaluation of the robustness of the neural
networks on adversarial examples [95, 220].
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Figure 5.8: The results of our SQN with different number of querying points on
the Area-5 of the S3DIS dataset.

Table 5.11: Sensitivity analysis of the proposed SQN on the S3DIS dataset (Area 5)
by running 5 times. Overall Accuracy (OA, %), mean IoU (mIoU, %), and per-class
IoU (%) are reported. Bold represents the best result.

OA(%) mIoU(%) ceil. floor wall beam col. wind. door table chair sofa book. board clut.
Iter1 86.53 60.97 92.33 96.70 78.99 0.00 25.01 56.76 58.99 74.22 79.06 58.41 67.73 53.29 51.08
Iter2 85.63 59.24 91.72 97.01 77.35 0.00 20.10 53.55 65.28 71.63 83.61 51.44 65.57 43.37 49.49
Iter3 86.39 60.93 91.96 96.02 78.88 0.00 25.31 55.80 63.43 70.71 82.80 51.18 68.39 56.53 51.05
Iter4 86.32 59.40 92.22 96.07 78.85 0.00 19.00 50.10 65.19 68.37 83.27 49.79 67.09 51.33 50.89
Iter5 86.40 61.56 91.88 95.97 78.89 0.00 24.95 55.88 63.73 70.75 83.20 59.29 68.25 56.37 51.13

Average 86.25 60.42 92.02 96.35 78.59 0.00 22.87 54.42 63.32 71.14 82.39 54.02 67.41 52.18 50.73
STD 0.32 0.93 0.22 0.42 0.62 0.00 2.74 2.41 2.29 1.88 1.68 3.99 1.03 4.82 0.62

5.4.5.3 Varying Annotated Points

To verify the sensitivity of our SQN to different randomly annotated points, we
train our models five times with exactly the same architectures, i.e., the only
change is that different subsets of randomly selected 0.1% of points are labeled.
The experimental results are reported in Table 5.11. It can be seen that there are
slight, but not significant, differences between different runs. This indicates that
the proposed SQN is robust to the choice of randomly annotated points. We also
notice that the major performance change lies in minor categories such as door, sofa,
and board, showing that the underrepresented classes are more sensitive to weak
annotation.

5.4.5.4 Varying Proportion of Annotated Points

We further examine the performance of SQN with differing amounts of annotated
points. As shown in Table 5.12, the proposed SQN can achieve satisfactory seg-
mentation performance when there are only 0.1% labels available, but the per-
formance drops significantly when there are only 0.01% labeled points available,
primarily because the supervision signal is too sparse and limited in this case. It
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is also interesting to see that our framework achieves slightly better mIoU perfor-
mance when using 10% labels compared with full supervision. In particular, the
performance in minority categories such as column/window/door has improved by
2%-5%. This implies that: 1) In a sense, the supervision signal is sufficient in this
case; 2) Another way to address the critical issue of imbalanced class distribution
may be to use a portion of training data (i.e., weak supervision). This is an inter-
esting direction for further research, and we leave it for future exploration.

Table 5.12: Quantitative results achieved by our SQN on Area-5 of S3DIS under
different amounts of labeled points.

Settings Methods mIoU(%) ceil. floor wall beam col. win. door chair table book. sofa board clutter
100% SQN 63.73 92.76 96.92 81.84 0.00 25.93 50.53 65.88 79.52 85.31 55.66 72.51 65.78 55.85
10% SQN 64.67 93.04 97.45 81.55 0.00 28.01 55.77 68.68 80.11 87.67 55.25 72.31 63.91 57.02
1% SQN 63.65 92.03 96.41 81.32 0.00 21.42 53.71 73.17 77.80 85.95 56.72 69.91 66.57 52.49

0.1% SQN 61.41 91.72 95.63 78.71 0.00 24.23 55.89 63.14 70.50 83.13 60.67 67.82 56.14 50.63
0.01% SQN 45.30 89.16 93.49 71.28 0.00 4.14 34.67 41.02 54.88 66.85 25.68 55.37 12.80 39.57

5.4.5.5 Varying Backbones of our SQN Framework

To further study the performance of our SQN framework with different backbones,
we further implement our SQN based on the representative voxel-based baseline
MinkowskiNet [51]. Specifically, we follow the implementation provided in [186],
and the point local feature extractor, in this case, includes 4 encoding layers, each
containing a 3D convolution block (kernel size and stride are set as 2) and 2 resid-
ual blocks (kernel size and stride are set as 3 and 1, respectively). Additionally, the
feature query network gathers feature vectors from multi-level feature volumes
through trilinear interpolation, and then simply concatenated and sent to MLPs
(256-128-96) for semantic prediction.

The experimental results achieved by our SQN and baseline networks on the
SemanticKITTI dataset under different weak supervision settings are shown in Ta-
ble 5.14. We can see that our SQN achieves comparable performance with the
baseline under 0.1% settings, primarily because the supervision signal is still suf-
ficient at this time, considering the large scale of the dataset. However, we can
clearly observe that our SQN outperforms the baseline by a large margin (6.8% im-
provement in mIoU scores) when there are only 0.01% points are annotated. This
further demonstrates the effectiveness of our semantic query framework.
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Table 5.13: Quantitative results achieved by different methods on the region-wise
labeled S3DIS dataset.

SPVCNN [186] MinkowskiUnet [51] SQN (Ours)
Random 49.61 46.15 60.19

Softmax Confidence [204] 51.05 45.45 57.24
Softmax Margin [204] 50.80 44.33 57.94

Softmax Entropy [204] 50.35 49.99 57.98
MC Dropout [67] 50.39 49.94 58.30

ReDAL [221] 50.89 47.88 54.24

Table 5.14: Quantitative results achieved by our SQN (SPVNAS) on the validation
set of the SemanticKITTI dataset under different weak supervision settings.
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MinkUNet 0.1% 55.5 21.9 92.5 79.0 43.0 0.9 88.7 95.0 64.5 0.9 47.4 46.4 87.3 63.4 73.7 45.3 70.3 0.3 53.4 59.9 43.2
SQN (MinkUNet) 0.1% 55.8 8.8 91.5 78.0 41.1 0.9 88.5 94.9 66.8 5.7 43.2 43.6 88.2 64.0 75.5 49.5 66.3 0.0 55.9 61.1 45.2

MinkUNet 0.01% 43.2 21.9 89.3 74.8 32.1 0.0 87.6 92.4 25.8 0.0 24.8 20.1 87.1 56.4 73.2 9.6 15.9 0.0 55.1 48.2 28.3
SQN (MinkUNet) 0.01% 50.0 8.8 89.7 75.6 31.9 0.2 87.6 93.5 47.2 0.2 35.6 31.6 88.2 58.0 76.0 33.8 59.1 0.0 52.9 52.1 36.4

5.4.5.6 Comparison with Other Feature Propagation Layers

Here, we explicitly discuss the key differences between our SQN and other general
feature propagation layers used in [157, 90]. To clarify, general feature propagation
layers are primarily used to recover the full spatial resolution for dense segmen-
tation given full supervision, while SQN queries parallelly and hierarchically at
multiple spatial resolutions, aiming to effectively propagate the limited signals to
a much wider context given weak supervision. Further, we compare our SQN
with two general feature propagation layers by conducting ablative experiments
on three datasets. Specifically, we keep the feature encoder, labeling ratio, and ex-
perimental settings unchanged, and only replace the semantic query decoder as
the vanilla feature propagation layers used in PointNet++ and RandLA-Net. The
experimental results are shown in Table 5.15. It can be seen that our SQN achieves
consistently better results compared with two general feature propagation layers,
primarily due to the usage of parallelly and hierarchically semantic queries in dif-
ferent encoding layers, enabling the limited and sparse supervision signal to be
back-propagated to a much wider context. By contrast, both the feature propaga-
tion layers used in RandLA-Net and PointNet++ can only propagate the sparse
label layer by layer, with relatively limited receptive fields, hence achieving infe-
rior performance in weak supervision settings.

127



Table 5.15: Ablative experiments on different feature propagation (FP) layers.

S3DIS ScanNet (val) Toronto3D
FP layers in RandLA-Net [90] 52.9 51.2 71.7
FP layers in PointNet++ [157] 53.4 52.7 72.4

SQN (Ours) 61.4 58.4 77.7

5.5 Discussions

Extension to Region-wise Annotated Data. Beyond evaluating our method on the
randomly point-wise annotated datasets, we also extend our SQN on the region-
wise sparsely labeled S3DIS dataset. Following [221], point clouds are firstly grouped
into regions by unsupervised over-segmentation methods [153], and then a sparse
number of regions are manually annotated through various active learning strate-
gies [204, 221, 67]. As shown in Table 5.13, our SQN can consistently achieve better
results than vanilla SPVCNN [186] and MinkowskiNet [51] under the same su-
pervision signal (10 iterations of active selection), regardless of the active learning
strategy used. This further validates the superiority of our method under weak
supervision.

Performance on Boundary Areas. We further evaluate the segmentation perfor-
mance of our SQN on the boundary points, since the assumption about the con-
sistency of neighborhood semantics may not hold in the boundary areas with dif-
ferent semantics. Specifically, we first define the boundary points as follows: if the
queried spherical neighboring points within a radius r have different semantics,
the query point is regarded as on the boundary (red points in the Figure 5.9). We
then set different radii r according to the density of the point cloud, by increasing r

from 0.05m to 0.2m Not surprisingly, given a smaller r, the performance drops sig-
nificantly for both RandLA-Net (full supervision) and SQN (0.1%), showing that
it is still a common issue for existing methods. We will leave this issue for future
exploration.

Flexibility of SQN. Thanks to the flexibility of the SQN framework, the proposed
method should be able to take any point in the space as input and infer its seman-
tic label through query and interpolation (even if that point itself does not exist in
the point clouds). To further validate this, we tried to train our SQN on the par-
tial point clouds (i.e., raw point clouds), but tested on the aggregated point clouds
based on the SemanticKITTI dataset. We begin by training SQN using data con-
sisting of individual sparse LiDAR scans. Next, we combine multiple sparse Li-
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All Points

38.3 46.6 53.7 63.0 RandLA (Full sup.) 
SQN (0.1%) 34.3 42.7 50.5 61.4

Boundary ( =0.05) Boundary ( =0.1) Boundary ( =0.2)

Figure 5.9: Quantitative comparison of RandLA-Net and the proposed SQN on the
boundary areas.

Figure 5.10: Qualitative performance achieved by SQN on the SemanticKITTI
dataset when trained on partial point clouds.

DAR scans based on the provided pose information. Finally, we apply the trained
SQN model to the merged point clouds. It is worth mentioning that the density
of trained and tested point clouds varies significantly. The qualitative results
are shown in Figure 5.10. It can be seen that the proposed SQN can still achieve
satisfactory performance on the complete point clouds, even though our model
is only trained with partial and incomplete point clouds. Considering that point
clouds are irregularly sampled points from the continuous surface, it would be in-
teresting to further explore the continuous semantic surface learning based on our
framework.

Limitation and Future Work. Our SQN is intuitive simple yet effective. Exten-
sive experiments have demonstrated the superiority of our method on large-scale
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datasets. However, it still relies on human annotations, albeit extremely sparse.
Ideally, the 3D semantics can be automatically discovered from raw point clouds.
We leave this unsupervised learning of 3D semantic segmentation for our future
exploration.

5.6 Summary

In this chapter, we propose SQN, a conceptually simple, elegant, and novel frame-
work to learn the semantics of large-scale point clouds, with only 0.1% labels for
training. We first point out the redundancy of dense 3D annotations through exten-
sive experiments, and then propose an effective semantic query framework based
on the assumption of semantic similarity of neighboring points in 3D space. The
proposed SQN shows great potential for weakly-supervised semantic segmenta-
tion of large-scale point clouds. It would be interesting to extend this method for
weakly-supervised instance segmentation, panoptic segmentation, and interactive
annotation based on active learning.
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Figure 5.11: Qualitative results achieved by our SQN on the validation set (Se-
quence 08) of SensatUrban[88] dataset. Best viewed in color.
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Chapter 6

Conclusion and Future Work

6.1 Summary of Key Contributions

The overarching purpose of this thesis has been to build intelligent systems that
understand the geometric structure and semantics of the 3D real-world environ-
ments. To achieve this goal, we build an urban-scale 3D point cloud benchmark
and proposed solutions for semantic understanding of large-scale 3D point clouds
from full supervision to weak supervision. To summarize, the key contributions of
this thesis are as follows:

In Chapter 3, we introduce an urban-scale photogrammetric point cloud dataset,
termed SensatUrban, as a key step towards the semantic understanding of ur-
ban 3D scenes. The SensatUrban dataset is currently the largest public-available
photogrammetric point cloud dataset in terms of spatial scale and semantic anno-
tations. Specifically, the proposed dataset consists of large areas from three UK
cities, covering about 7.6 km2 of the city landscape, with nearly three billion richly
annotated points. In the dataset, each 3D point is labeled as one of 13 semantic
classes. Additionally, we extensively evaluate the performance of state-of-the-art
algorithms on this dataset and provide a comprehensive analysis of the results.
In particular, we identify several key challenges toward urban-scale point cloud
understanding, such as data preparation, imbalanced class distribution, cross-city
generalization, cross-dataset generalization, and weakly (self) supervised learning
etc. This is the first study to systematically examine the unique difficulties faced in
the semantic understanding of large-scale 3D point clouds, and it offers insightful
analysis and meaningful directions for further research.

In Chapter 4, we present an efficient and lightweight neural architecture RandLA-
Net, to achieve semantic segmentation of large-scale unstructured 3D point clouds.

133



To accomplish this, we first analyzed the advantages and disadvantages of exist-
ing downsampling strategies, and identified that random sampling is a suitable
component for large-scale point clouds. We then proposed a local feature aggrega-
tion module that increases the receptive field of each point and adaptively aggre-
gates prominent features, thereby preserving overall geometric details even with
aggressive random downsampling. With random downsampling and local feature
aggregation as its building blocks, the proposed RandLA-Net can infer large-scale
point clouds with millions of points in a single pass, with state-of-the-art accuracy
and up to 200× speed up compared with other similar techniques [110].

In Chapter 5, we propose a novel weakly-supervised approach called SQN,
for achieving semantic segmentation of large-scale 3D point clouds. We first con-
ducted a pilot study to investigate the necessity of dense 3D labels for learning
meaningful semantic representations and found that sparse annotation with only
0.1% of points can be a critical point for weak supervision. Motivated by this, we
proposed SQN to implicitly augments the available supervision signals by leverag-
ing the semantic similarity between neighboring points. This is achieved through a
neighboring point query at different latent feature maps, which allows sparse and
valuable supervision signals to be propagated to a much wider context. As a re-
sult, SQN reduces the amount of required annotation to 0.1%, a significant decrease
compared to 10% [234, 188] and 1% used in [249]. Additionally, we also developed
a dedicated tool for sparse annotation using off-the-shelf software, which can save
up to 98% of the annotation cost for large-scale 3D point clouds.

Apart from the technical contributions outlined above, I have also made efforts
to contribute to the open-source community. Specifically, the datasets and algo-
rithms proposed in this thesis have been made available on GitHub, the reposito-
ries containing our implementation can be accessed via the following links:

• The SensatUrban dataset (Chapter 3) can be accessed through this link1. It
has been downloaded over 1,000 times and we have also hosted two Ur-
ban3D challenges based on this dataset.

• Our implementation of RandLA-Net (Chapter 4) is available at this GitHub
repository2. It has received over 1,000 stars to date and is also included in the
Open3D and TorchPoints3D libraries.

• Our implementation of SQN (Chapter 5) is available at this repository3.
1https://github.com/QingyongHu/SensatUrban
2https://github.com/QingyongHu/RandLA-Net
3https://github.com/QingyongHu/SQN
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6.2 Future Work

Despite this thesis having made contributions in advancing the semantic under-
standing of large-scale 3D scenes, it is important to note that this field is rapidly
evolving and there are numerous promising technologies and avenues worthy of
further research. Her e I list a few examples of potential future works as follows.

Unsupervised semantic clustering of 3D point clouds. This is based on the
fact that the massive unlabelled 3D point clouds have not been fully exploited. It
is noted that a single vehicle-mounted LiDAR captures up to 84 billion points per
day, while the number of points for existing largest annotated datasets is only 4
billion. Considering the extremely large quantity of unlabeled data, it has great
potential to further investigate how to effectively learn from the unstructured,
complex, and unlabeled 3D data. In particular, we aim to group data points into
semantically homogeneous classes through unsupervised clustering. Point-wise
feature similarity and geometric consistency after transformation will be further
investigated, as well as the contrastive learning paradigm, are expected to be ex-
plored in future work.

Robust and explainable algorithms. Although the semantic understanding of
3D surroundings has made significant progress in terms of efficiency and accu-
racy in recent years, existing neural networks will still inevitably produce some
unexpected outputs (e.g., ridiculous misclassification). In addition, most of the ex-
isting neural network does not consider the security and robustness issues in the
design process, hence usually vulnerable to adversarial attacks. All these issues
prevent these techniques from being applied to safety-critical applications such
as autonomous driving and medical-related analysis. Therefore, how to enhance
the interpretability of neural network predictions and provide reliable outputs is a
direction worthy of further research.

Unified and transferable 3D representation. Considering the distinct data
collection mechanisms of different LiDAR sensors (Velodyne, Hesai, Livox, Ro-
bosense), the density, data distribution, and noise pattern of acquired point clouds
are usually significantly different. In this case, it is difficult to transfer and general-
ize a model trained on one type of point cloud to another mode of data. Therefore,
it is necessary and desirable to explore unified and transferable 3D representa-
tions. In light of the representation in our 3D physical world being continuous
and singular, we aim to develop a general 3D representation, which is likely to
be continuous and can act as an intermediate representation to transfer across a
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variety of different modalities. As such, the domain discrepancies induced by dif-
ferent LiDAR sensors can be overcome, and the trained model can be generalized
to different data modalities.
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