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Abstract

Semantic segmentation of point clouds is critically de-
pendent on large volumes of precisely annotated data,
a significant barrier especially in extensive urban en-
vironments. Prior research has primarily focused on
object-level or indoor scenes, contingent upon densely
annotated datasets for satisfactory results, rendering
these methods less feasible for large urban applications.
Addressing this, our study introduces a novel active
learning-based selection framework, termed Urban3A,
which leverages semi-supervised learning to mitigate the
challenges of labeling in urban landscapes. Urban3A
integrates a unique selection metric that combines ba-
sic geometric attributes, uncertainty, and deep learn-
ing features, preserving essential contextual information
and enhancing the semantic depth of the data. This
metric facilitates the identification of informative blocks
and crucial points, markedly boosting the segmenta-
tion model’s performance. Our annotation approach
allows users to selectively annotate the most informa-
tive points, optimizing the training process. We vali-
date our methodology using the demanding UrbanBIS
dataset and benchmark against leading semi-supervised
and active learning techniques. Results indicate that Ur-
ban3A achieves competitive performance with less than
0.1% of the labeled data, representing a significant ad-
vancement in efficient and cost-effective semantic seg-
mentation of large-scale urban point clouds.
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1. Introduction

Point cloud is one of the most crucial representations of
3D scenes, providing a wealth of geometric details about
the objects within the scene. Semantic segmentation in ur-
ban scenes, a practical research area in point cloud analysis,
holds paramount significance across various domains [25],
including autonomous driving, virtual tourism, automatic
modeling, and urban planning, to name a few. Previ-
ous endeavors [29] employing traditional algorithms have
proven inadequate, failing to capture the promising features
of large-scale urban environments. The advent of deep
learning-based approaches, started by the introduction of
PointNet [24], has provided new insights into this field. A
large number of works [25, 29, 24, 9, 5] with the ability to
decipher the irregular and complex nature of point clouds
have been proposed, enabling the effective capture of se-
mantic information from point clouds.

Despite this commendable progress gained in recent
years, previous methods primarily focus on fully-supervised
learning, which necessitates a substantial volume of labeled
data [25]. However, in large-scale urban scenes, the process
of data annotation, particularly for irregular point clouds,
is inherently time-consuming [35]. For instance, labeling a
single scene in the ScanNet dataset takes 22.3 minutes [6],
and considering that this dataset encompasses 1513 scenes,
the cumulative effort becomes immeasurable. The difficulty
in accurately annotating datasets and the greater complex-
ity of urban environments, which in turn pose challenges for
point cloud segmentation.

To alleviate the reliance on labeled data, semi-supervised
methods that only require annotation of a small portion of
the data have been introduced. These methods can be gen-
erally categorized into three groups: 1) contrastive train-
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Figure 1. We introduce Urban3A, a semi-supervised approach for segmenting urban point clouds with minimal annotation. Employing an
active selection strategy, Urban3A achieves effective segmentation results by annotating just 0.1% of points, making it ideal for large-scale

urban environments.

.

ing [3, 32], 2) pseudo label propagation [17] and 3) co-
training [37]. These methods, based on a small portion of
annotated samples, adopt various strategies to explore latent
information among unlabeled data [4], and design a series
of similarity criteria to gradually improve the confidence of
the obtained information. While these approaches demon-
strate promising results in indoor scenes such as Scan-
Net [6] and S3DIS [1], they generally overlook the strate-
gic selection of data requiring annotation. Previous research
has shown that not all points in a scene contribute equally to
model training [33]. Therefore, in large-scale urban scenes,
the identification of high contribution points is crucial for
reducing annotation burden and effectively capturing the in-
herently complex nature of urban scenes.

To facilitate the semantic segmentation for urban scenes
using a minimal amount of annotated data, this paper pro-
poses a novel active learning strategy, Urban3A, which
is seamlessly integrated with semi-supervised paradigm.
Building upon prior findings that different points exhibit
varying degrees of importance [33], our active learning
based annotation method selects samples with high impor-
tance to ensure optimal results within a limited annotation
budget. To comprehensively utilize contextual information
within the scene, instead of solely focusing on individual
points, we propose a geometric block selection scheme that
is capable of selecting informative blocks for initializing
the model. Additionally, we introduce an innovative metric
that integrates both deep feature diversity and uncertainty,
identifying critical points for distinguishing semantics. This
metric, guided by active learning principles, effectively di-
rects the annotation process. A simple semantic segmen-
tation framework for semi-supervision is exploited to vali-
date the feasibility of this metric. We evaluate the proposed
method on the UrbanBIS dataset [38], demonstrating that
the points selected by Urban3A significantly diminish the
demand for annotated data, yielding substantial improve-
ment compared to prior methods and comparable results
to supervised learning with a mere 0.1% of the data an-

notated. For example, we achieve an accuracy of 88.83%
and a mloU of 44.84% in Qingdao with an annotation rate
close to 0.1%, surpassing the recently proposed HAPL [35]
and CPCM [ 18] by clear margins, exceeding 10% in terms
of both accuracy and mloU. The main contributions are as
follows:

e We propose Urban3A, an active learning assisted semi-
supervised segmentation for point clouds in urban
scenes. It consists of a block selection scheme utiliz-
ing contextual information for identifying informative
blocks and a metric combining feature diversity and
uncertainty for annotation.

* The proposed Urban3A, a simple yet effective strat-
egy, can be seamlessly integrated into any fundamen-
tal model with a substantial reduction of the annotation
budget.

» Extensive experiments illustrate that Urban3A, even
with limited annotation, exhibits significant improve-
ment and can attain performance levels approaching
those of fully-supervised methods.

2. Related Work

2.1. Semantic segmentation of urban point cloud

Initial attempts often relied on manually crafted features
and traditional classification methods [23], which are highly
depend on the intricate design of features tailored to the di-
verse categories existed in urban environments. With the
development of deep learning, existing works have gradu-
ally started to focus on the use of deep learning-based meth-
ods [10]. Liu et al. [16] aim for large-scale 3D point clouds
and propose a reinforcement learning framework to solve
that. Luo et al. [20] introduce MS-RRFSegNet, which ini-
tially segments extensive scenes into supervoxels. It subse-
quently considers both local and global relations to aggre-
gate a more robust feature representation. Khan et al. [11]



incorporate spatial information into their method, employ-
ing a symmetric undirected graph model to represent fea-
tures. Landrieu et al. [14] propose the SGP structure, a
novel framework for organizing large-scale point clouds us-
ing defined corresponding operators. Zhou et al. [39] con-
vert the urban point clouds into birds-eye-view images and
utilize a conventional convolution network as the backbone
for subsequent segmentation. Wei et al. [28] utilize point
clouds as well as aerial images for the effective segmenta-
tion of urban point clouds.

2.2. Semi-supervised semantic segmentation methods

The challenge of semi-supervised segmentation is to as-
sign labels to points with only a limited number of anno-
tations [7, 36]. Xu et al. [34] introduce spatial smooth-
ness constraints, demonstrating that training an incomplete
supervision network with only 10% labeled data approx-
imates the performance of fully-supervised training. Hu
et al. [8] further show that segmentation performance ex-
periences only a slight decline with as little as 1% of the
data annotated. Liu et al. [19] propose the OTOC frame-
work for semi-supervised segmentation, requiring annota-
tion for only one point per object. Liu et al. [ 18] introduce
CPCM, a semi-supervised point cloud semantic segmenta-
tion method utilizing the local geometric information. Yang
et al. [36] propose a multimodal interlaced transformer that
jointly considered 2D and 3D data for weakly segmenting
indoor scenes.

Another important branch related to semi-supervised
learning is active learning, which focuses on selecting
meaningful samples for annotation within input data. Shi
et al. [27] explore the significance of feature diversity
and uncertainty in active learning, proposing a metric for
point clouds segmentation. Meng et al. [21] annotate fore-
ground objects and generate pseudo labels using a proba-
bilistic model for detection tasks. Wu et al. [30] fuse color
consistency, prediction result and shape structure to ob-
tain selection metrics and perform experiments on the Se-
manticKITTT dataset [2]. Shao et al. [26] propose a hy-
brid strategy called SSDL-AL that utilizes farthest point
sampling for feature diversity, then combines the predic-
tion uncertainty with the diversity to choose the informative
points. Xu et al. [35] develop a hierarchical point-based
active learning strategy, measuring the uncertainty for each
point by a hierarchical minimum margin uncertainty mod-
ule. Despite the success of these works in specific scenar-
ios, there remains a notable gap in the literature concerning
the integration of active learning and semi-supervised seg-
mentation tailored specifically for urban scenes. Kolle et
al. [13] proposed a fully automated active learning frame-
work for semantic segmentation of geospatial 3D point
clouds, with a particular focus on crowdsourced annota-
tion and human—machine collaboration. Their method com-

bines uncertainty-based sampling with feature diversity to
reduce labeling effort under a hybrid intelligence setting.
In contrast, our work focuses on efficient annotation selec-
tion for large-scale urban point clouds without relying on
crowdsourcing or human-in-the-loop modeling. We instead
emphasize geometry-aware region selection and point-level
uncertainty to better exploit spatial structure in dense urban
environments.

3. Methodology
3.1. Overview

Existing semi-supervised and active learning methods
generally emphasize the significance of individual points,
they tend to neglect crucial contextual information neces-
sary for effective comprehension, particularly within com-
plex urban scenes. Moreover, considering the uneven dis-
tribution of semantic categories observed in real urban
scenes [38], not all categories receive adequate considera-
tion especially when semi-supervised annotations typically
account for less than 0.1% [17]. To address these issues, we
employ a geometric metric to help the model learn mean-
ingful context information and a specially designed metric
for selecting individual point to achieve better segmenta-
tion results. The training data are divided into blocks of the
same size first, with the geometric metric guiding the selec-
tion of the most informative block for annotation. This se-
lected block, along with all other available unlabeled data,
are then input into the network. The subsequent training
stages encompass two sub-modules: the semantic segmen-
tation module for metric calculation and the active learning
module for annotating meaningful samples.

The input point clouds, represented as P =
{P1,P2:P3,--- Py}, are first fed into the feature ex-
tractor to obtain point-wise features, then passed to the
segmentation head to generate the segmentation result. N
is the total number of the points and p;, € R is a single
point with a 6-dimensional feature including coordinates
and color information. We employ the 3D-UNet [5] as the
backbone for feature extraction. After the 3D-UNet, the
feature is represented as F € RM*D_where D is the dimen-
sion of the feature. The feature is fed into the segmentation
head, yielding the segmentation result C € RN*S, in
which S is the number of categories. The item ¢; in C
represents the probability of the point p; that belongs
to the j-th category. The segmentation head is a fully
connected dense layer that converts intermediate features
into probabilities. To facilitate efficient processing, the raw
input points are aggregated into supervoxels V', employing
the method proposed in [15]. This operation is under the
assumption that points within the same supervoxel share
the same label. At the supervoxel level, uncertainty is
computed in an online learning manner, namely based






