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Abstract

Accurate interpretation and segmentation of 3D point clouds in real-world urban environments is a critical challenge in geospatial
analysis, particularly due to the complexity of real-world scenes, inevitable data uncertainties, and potential annotation errors. This
paper proposes a confidence-aware deep learning framework to refine the segmentation accuracy of real-world point cloud data.
By incorporating multi-source information, such as aerial imagery, and embedding geospatial prior knowledge, this framework
models data uncertainty through point-wise confidence scores. Besides, we design an iterative online learning strategy, allowing
the network to improve both its predictions and the quality of training labels. Extensive experiments on large-scale airborne laser-
scanned data demonstrate that our framework effectively enhances training data by reducing label noise and improving annotation
quality, which leads to more robust, generalizable model performance. Our source code is publicly available at https://github.

com/AutumnMoon00/RefineNet.

1. Introduction

Point cloud is a critical geospatial information source support-
ing a wide range of applications such as urban planning, eco-
logical monitoring, and environmental analysis. Analyzing and
interpreting such 3D data is increasingly driving innovation not
only in academic research, but also in industry practice (Biljecki
et al., 2015). For example, large-scale airborne laser-scanned
data can capture high-resolution elevation and topographic in-
formation, which serve as a crucial input for the creation of Di-
gital Surface Models (DSMs), local urban 3D reconstruction,
and water resource management.

However, in practice, real-world point cloud datasets usually
exhibit inevitable data quality issues, such as noise, outliers,
and annotation inconsistencies. These errors can comprom-
ise the reliability of data interpretation, propagate through sub-
sequent analyses, and, as a result, degrade the quality of final
geospatial products.

In recent years, deep learning has significantly revolutionized
the classification, interpretation, and analysis of 3D point cloud
data (Qi et al., 2017a, Qi et al., 2017b, Thomas et al., 2019,
Zhao et al., 2021). Despite their advancements, deep learning
methods remain vulnerable to data quality issues: The model’s
performance heavily depends on the quality of the input data.
High-quality inputs lead to accurate predictions, while noisy
data can greatly downgrade the performance. Several data-
efficient approaches have been introduced to address these is-
sues. However, many of them rely on complex architectures,
such as Generative Adversarial Networks (GANs) (Li et al.,
2021), and require extensive training cycles. This underscores
the need for a more straightforward yet practical approach to
enhance model performance, particularly in correcting misclas-
sification errors of real-world point clouds.

* Equal contribution. Authors are ordered alphabetically.

In this paper, we propose a confidence-aware learning frame-
work, RefineNet, that integrates a confidence-based training la-
bel updating strategy to refine point cloud semantic segmenta-
tion of real-world datasets that may contain low-quality annota-
tions. By measuring local semantic consistency and incorpor-
ating geospatial knowledge priors from auxiliary imagery, we
assign a point-wise confidence score to assess the reliability of
each training point label. Then we use the confidence scores to
dynamically guide network training: High-confidence samples
are prioritized for learning, and low-confidence samples are it-
eratively refined based on the network predictions. This strategy
can effectively enhance both the quality of the training data and
the segmentation performance of the model.

Overall, our proposed RefineNet aims to achieve accurate se-
mantic segmentation of real-world scenes under imperfect data
conditions, such as annotation errors and noise commonly ap-
pearing in real-world point clouds. The core innovation lies in
the incorporation of confidence awareness and an iterative on-
line learning strategy that jointly improves semantic segment-
ation and training label quality. Compared to existing studies,
our proposed RefineNet provides a simple yet effective solution
without the increased computational complexity or more soph-
isticated architectures.

We summarize our contributions in two folds:

e We introduce a confidence estimation method that assesses
the reliability of existing semantic labels by leveraging
local semantic consistency and incorporating geospatial
priors from supplementary data sources;

e We propose an online learning framework with a label
refinement mechanism, which dynamically selects high-
confidence samples for training and iteratively updates la-
bels of low-quality samples. In this way, both the perform-
ance and robustness of the deep learning model are effect-
ively enhanced.
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2. Related work

Recent advancements in deep learning have greatly revolution-
ized 3D classification and segmentation tasks. Existing deep
learning approaches directly applied to 3D point clouds can be
categorized into MLP-based (Qi et al., 2017a, Qi et al., 2017b,
Qian et al., 2022), Convolution-based (Li et al., 2018, Thomas
et al., 2019), and point transformers (Zhao et al., 2021, Lai et
al., 2022, Wu et al., 2024). However, these methods are fully
supervised and depend on high-quality annotated data. In this
paper, we focus on data-efficient techniques that are designed
to cope with data with limited or low-quality annotations.

2.1 Transfer learning

Transfer learning is a group of techniques that leverage know-
ledge acquired from a source dataset to enhance classification
performance in a target domain. Tobin et al. (Tobin et al., 2017)
proposed a domain randomization technique to transfer know-
ledge learned from 2D simulated images to real-world object
detection tasks. It was later extended to 3D point cloud data (Wu
et al., 2023), where synthetic point clouds are generated to im-
prove segmentation performance on real-world scenes. Xiao
et al. (Xiao et al., 2022) introduced SynLiDAR, a large-scale
synthetic LiDAR dataset collected from diverse virtual envir-
onments. Then, a point-cloud translator was developed to mit-
igate the domain discrepancy between synthetic and real-world
data. Biehler et al (Biehler et al., 2023) proposed PLURAL, a
co-training framework that leverages contrastive instance align-
ment to bridge domain gaps and improve generalization.

2.2 Semi- and weakly supervised learning

This line of methods performs 3D classification and segment-
ation using fewer point labels to train deep neural networks.
Wei et al. (Wei et al., 2020) introduced a multi-path region min-
ing strategy combined with the class activation mapping tech-
nique (Zhou et al., 2016) to generate pseudo point-level labels,
which are then used to train the segmentation network. Hu et
al. (Hu et al., 2022) proposed the Semantic Query Network that
implicitly augments sparse supervision signals by querying and
summarizing features from neighboring points. Contrarily, Pan
et al. (Pan et al., 2024) developed a label recommendation net-
work, explicitly learning to provide recommendations for points
to be labeled. A number of studies have also explored self-
supervised pre-training techniques to fine-tune networks on the
target 3D dataset with limited annotations (Hou et al., 2021,
Sharma and Kaul, 2020, Zhang et al., 2021).

Furthermore, under the domain of semi-supervised learning,
several studies have investigated active learning (Settles, 2012)
and self-training (Amini et al., 2025) to effectively utilize both
labeled and unlabeled data for training. Shi et al. (Shi et al.,
2021) introduced an active learning method based on super-
point set selection to optimize the model under limited annota-
tion budgets. Wang et al. (Wang and Yao, 2022) designed an
online pseudo-labeling framework with a semantic consistency
constraint, which provides additional supervisory signals to im-
prove the robustness of point cloud semantic segmentation. Li
etal. (Lietal., 2021) used unlabeled point samples and a pseudo-
labeling strategy for training. However, it trains a separate GAN
architecture to pick more reliable label predictions from un-
labeled point clouds, which can be computationally costly.

Our approach shares conceptual similarities with the work of
Li et al. (Li et al., 2021). We also incorporate pseudo-labeling

and online learning techniques. However, we differ from this
study in two key aspects: First, we explicitly leverage geospa-
tial knowledge priors derived from auxiliary data sources, i.e.,
aerial imagery, to efficiently assess the reliability of training
point labels. Second, our framework is unified, lightweight,
and end-to-end trainable. We don’t require the integration of
multiple networks and extensive training cycles.

3. Method

Our objective is to develop an online learning framework to re-
fine the semantic segmentation of real-world point cloud data-
sets, which often contain noise, outliers, and annotation arti-
facts. By leveraging local semantic consistency and integrat-
ing geospatial priors, we estimate point-wise confidence scores
to assess the reliability of each training point label. Then, we
use these scores to guide the training, enabling the network to
prioritize more trustworthy labels and simultaneously refining
low-confidence annotations. Furthermore, due to the significant
imbalance across semantic categories, we use a class-balanced
loss function to supervise the network.

3.1 Confidence measurement

Confidence quantifies the reliability of a point’s label. Lower
values suggest reduced trust in the correctness of the current
classification, and higher values represent greater certainty. We
measure point-wise confidence scores following two steps:

Computing local semantic consistency. We calculate the per-
centage of neighboring points that share the same semantic la-
bel as a given point, assuming that spatially proximate points
tend to exhibit similar semantic characteristics. For each point
i, we locate its spherical neighborhood within a radius of . The
local semantic consistency is computed as an initial confidence
score c;, following:

M

C; = Ni i
0 otherwise

where N; is the total number of neighboring points, V; is the
number of neighboring points that share the same class label
as the point 4, and N5, is a user-defined threshold to ensure a
minimum neighborhood density. We empirically set Ny in = 5.
In subsequent Section 4.4, we evaluate the impact of varying
Nmin and find that a value of 5 achieves an effective trade-off
between neighborhood density and robustness to noise.

Incorporating geospatial priors. We further refine point-wise
confidence scores for specific urban object categories by incor-
porating geospatial prior knowledge from auxiliary data sources,
such as aerial images. A particular focus is given to build-
ings, a dominant class in real-world urban scenes. Specific-
ally, in airborne laser-scanned data, building facades often have
sparse point densities and tend to exhibit low confidence scores.
Therefore, it is important to improve the confidence estimation
for these regions.

We first extract building footprints from open-source DSMs
and aerial ortho-imagery. We binarize the DSM map based
on a height threshold ¢y, i.e., e, = 2, then convert the binary
map into polygonal shapes. Morphological operations, such as
erosion and dilation, are used to smooth polygon boundaries,
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Figure 1. Buildings footprint extraction from open-source aerial
imagery and DSMs. The mean NDVI is computed as the average
NDVI value of all pixels within each extracted polygon.

remove small and noisy polygons, and retain topological con-
sistency. The resultant polygons mostly contain urban buildings
and vegetation. We further filter out vegetation polygons by
computing the mean Normalized Difference Vegetation Index
(NDVI). Polygons with mean NDVI values below a predefined
threshold €, (i.e., €, = 0.3) are considered building footprints.
3D points are then projected onto 2D building footprints. The
confidence scores of the points corresponding to buildings are
increased to 1.0 to emphasize facade regions. Figure 1 illus-
trates the overall building footprint extraction process.

3.2 Online learning

The input to our network is a real-world point cloud with pre-
computed point-wise confidence scores, which may contain la-
bel annotation errors. For point-wise feature encoding, we ad-
opt KP-Conv (Thomas et al., 2019) as the backbone network.
While our approach is compatible with various backbone ar-
chitectures such as MLP-based networks (Qi et al., 2017a, Qi et
al., 2017b, Qian et al., 2022) and transformer networks (Zhao et
al., 2021, Lai et al., 2022, Wu et al., 2024), we choose KP-Conv
given its balance between computational efficiency and feature
representational effectiveness. Moreover, in this paper, our fo-
cus is to investigate the impact of online learning strategies on
refining real-world point cloud semantic segmentation, rather
than to identify the optimal deep learning architecture.

We start the network training using only point samples with
high confidence scores. The model is then used to make predic-
tions for all points and give per-point class probability estim-
ates. Predictions with high probabilities overwrite the original
annotation labels, forming new labels referred to as pseudo-
labels. These pseudo-labels are integrated into the training set
for the network training in the next iteration. In this way, our
proposed online learning strategy enables the network to iter-
atively correct mislabeled samples and simultaneously improve
the point-wise confidence scores. Algorithm 1 presents the de-
tailed steps of the online learning module. Overall, the online
learning strategy yields two outcomes: (i) a refined and cleaned
point cloud dataset with a significantly reduced number of low-
confidence samples; (ii) a robustly trained network capable of
accurate semantic segmentation, even in the presence of noisy
or unreliable labels.

3.3 Class-balanced supervision

Class imbalance is a common issue in urban scene interpreta-
tion tasks, where a few dominant categories significantly out-
number the rest. For example, most points in urban environ-
ments belong to building, road, and vegetation, while the point

Algorithm 1: Online learning on point clouds

Input: input point cloud X and confidence map C'
Output: trained model (¢ and updated dataset X7
Initialization: e < 0, X7 < 0, hyperparameters
C1,C2,€1,€2,
c1 < cg, e1 < €2
Segragate X into over- and under- confident point sets Xo
and Xy,
Xo<—{xi€X|Ci261}
XU<—{Xi€X|Ci<C1}
repeat
Train f(e) on Xo U Xiz7
if ¢ > e; then
ILe «+ {xi € Xu, Q)y(xi’f(e>)}
// ®,(-,-) denotes pseudo-labeling
For II., obtain the softmax probability map P
Xe + {xi| (x1,4:) €Ile Api > ca}
XU < Xﬁ U Xe
XU < XU \ Xe
e<e+1
end
until e > es or Xy = 0;

count of other classes is substantially lower. This imbalance
limits the model’s ability to learn discriminative features across
all classes, since the network loss is overly exposed to only a
few categories (Lin et al., 2017). To address the class imbal-
ance issue, we employ a weighted cross-entropy loss function
as follows:

N
L==Y wlogp}, (©)
=1

where N is the total number of points, k is the Ground Truth
(GT) semantic label of the i** point, p¥ is the predicted prob-
ability of the i*" point belonging to its GT category that can be
obtained from the network softmax layer. wj, is the weight of
the class k£ and is computed based on the inverse of its relative
frequency in the dataset, i.e.,

3 Nmaa:
Ny -~

3

W =

where N}, is the number of points of the class k, and Ny,qz rep-
resents the point count of the class with the highest frequency.

4. Experiments
4.1 Dataset and implementation details

We use AHN (AHN, 2022), a nationwide airborne laser-scanned
point cloud dataset collected in the Netherlands. This dataset is
open-sourced and has been extensively used in both research
and industrial applications. Specifically, we use the AHN4 ver-
sion. AHN has six semantic classes: ground, building, water,
civil structure, high-tension, and other, with vegetation cur-
rently categorized under the other class. The raw data contains
xyz and intensity information. Due to its massive volume, we
partition the dataset into smaller tiles, each measuring 0.25 X
0.3125 km, with a 10-meter overlap between adjacent tiles to
mitigate edge effects. In our experiments, 52 tiles are used for
training and 8 tiles for testing. Table 1 summarizes the distri-
bution of point counts per class in the training and testing sets,
where we have observed a significant class imbalance.
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Total [ other ground building water high-tension  civil structure
Train 402.611M | 102.866M 215.135M  66.535M  16.900M 0.048M 1.126M
Test 71.071M 17.606M  37.245M  5.804M  10.382M 0.001M 0.034M

Table 1. Distribution of point counts across all the classes in the training and testing sets.

Method | OA(%) mlIoU(%) | other

ground building water

high-tension  civil structure

94.8
95.1

63.8 86.6
65.0 85.4

94.8
94.8

Baseline
+ Online

73.5
75.4

98.1
98.4

27.4 2.6
30.4 5.7

Table 2. Segmentation results achieved on AHN dataset, using height and intensity as input features. OA (%), mloU (%), and
per-category IoU scores are reported. We average scores over three training runs to account for network performance variations.

Method | OA(%) mlIoU(%) [ other

ground building water

high tension  civil structure

94.8
93.9)

66.9 87.2
615, | 853

Baseline
+ Online

94.5]
94.2

75.8
66.0]

96.5)
95.4]

44.5 2.7
25.6. 2.4]

Table 3. Segmentation results achieved using height, intensity, and supplementary color information as input features. OA (%), mloU
(%), and per-category IoU scores are reported. We average scores over three training runs to account for network performance

variations. We use

to indicate performance improvements compared to the same model trained using only height and intensity

features (Table 2), and | for performance degradations.

We adopt KP-Conv (Thomas et al., 2019) as the backbone,
which uses a voxel subsampling strategy to reduce the num-
ber of input points. We set the voxelization grid size as 20cm
following common practice (Hu et al., 2021), and the number
of kernels as 15. The network is trained for 300 epochs with a
batch size of 6 and an initial learning rate of 0.01. For hyper-
parameters in Algorithm 1, we set ¢; = 0.9,¢c2 = 0.99,¢e; =
150, e2 = 300. Confidence thresholds (i.e., c) are set to be high
to ensure that only the most reliable point samples can be used
for model training. Besides, we set the warm-up period (i.e.,
e1) to 150 epochs to allow the network to reach a partially con-
verged state before introducing the online learning mechanism.

4.2 Quantitative results

To validate the effectiveness of our proposed confidence-aware
framework for refining point cloud semantic segmentation, we
compare its performance against the baseline network (Thomas
et al., 2019). We train both models using a class-balanced loss
function. Besides, we apply the same hyperparameters and
training configurations to both networks to ensure a fair com-
parison. The segmentation performance is evaluated using stand-
ard metrics, including Overall Accuracy (OA), mean Intersec-
tion over Union (mloU), and per-category IoU scores. Due to
the high variations in network training, we repeatedly run each
model three times and report the average scores.

Table 2 presents the segmentation performance of the baseline
and its counterpart network, which is augmented with the online
learning mechanism. Both networks use height and intensity as
input features. The enhanced model demonstrates stronger per-
formance, achieving gains of 0.3% in OA and 1.2% in mloU.
Among the six categories, five show superior or comparable
performance, revealing that our method effectively facilitates
network feature learning by prioritizing high-confidence data
samples for training. Specifically, we achieve notable improve-
ments in two minority classes, high-tension and civil structure,
demonstrating that our method is more capable of handling un-
derrepresented classes. However, we observe a performance
decline of 1.2% mloU for the other class. This is likely attrib-
uted to the fact that the other class is dominated by vegetation
points. It tends to receive lower confidence scores due to the
sparse and irregular spatial distributions of trees. Therefore,
fewer point samples from the other category are incorporated
during training, and the segmentation performance decreases.

The raw AHN data only contains xyz and intensity values. How-
ever, it has been post-processed and enriched with rgb colors by

aligning the original point clouds with aerial imagery (GeoTiles,

2023). To further analyze the impact of this supplementary

color information on the network’s performance, we incorpor-

ate colors as additional input features. Table 3 reports the per-

formance results for both the baseline and the network enhanced
with our proposed online learning mechanism, trained using the

combined height, intensity, and color features.

When incorporating supplementary color features, our online-
learning enhanced network performs worse than the baseline.
While adding colors leads to an overall improvement in the
baseline network’s performance, it results in a significant per-
formance degradation for the online learning network among
all categories. This observation illustrates one of the major lim-
itations of our method: It strongly relies on the quality of input
features. The colors are derived from aerial imagery, which may
contain artifacts due to potential data occlusions or misalign-
ments. The online learning approach is particularly sensitive to
such artifacts or errors, as it selectively utilizes only a subset
of high-confidence points for training rather than leveraging the
entire input data. Thus, these wrong visual cues from supple-
mentary colors can significantly influence the network learning
and degrade the overall performance.

4.3 Qualitative results

Figure 2 presents our qualitative results achieved on the AHN
dataset, with the model trained using the height and intens-
ity features. Our method consistently outperforms the baseline
when trained with height and intensity features by reducing seg-
mentation errors. It can also detect urban objects, such as grass-
lands and bridges, with improved geometric completeness. This
performance gain is attributed to the fact that our method se-
lects only the high-confidence samples to participate in training,
which enhances both the robustness and discriminative capa-
city of the learned feature representations. Note that real-world
datasets often contain annotation inaccuracies. For example, in
the third row of Figure 2, the dataset annotations incorrectly
label all building points as other. While standard evaluation
against this ground truth would consider these predictions in-
correct, our method successfully classifies the building points
based on their true geometries, showing its potential to correct
misclassifications in practical, real-world applications.
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Annotations

Input point clouds

Baseline results Our results

Figure 2. Qualitative results achieved on the AHN dataset, using height and intensity as input features. We use the following color

schemes to render the scenes: m for building,

for ground, m for high-tension, m for water, m for civil structure, and m for other.

Since AHN is a real-world dataset, its annotations may contain noise and errors. Our improvements are highlighted with black-dotted
boxes. Minor segmentation noise in some local regions is marked by black-dotted circles.
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Figure 3. Histogram of the distribution of neighborhood point counts. The y-axis represents the point number expressed in millions.

4.4 Point density analysis

When computing local semantic consistency (Equation 1), we
set Nmmin = b to ensure a minimum neighborhood density. In
this section, we provide point cloud density analysis to empir-
ically validate our hyperparameter choice.

Figure 3 shows the histogram of the point count distribution
within a spherical neighborhood of 0.5m, obtained from the
training set. It is observed that the neighboring point counts
vary significantly. While most neighborhoods contain between
15 and 30 points, a great proportion still falls within the point
range between 1 and 10, meaning that relatively sparse local
regions are common in the dataset. However, neighborhoods
with fewer than 5 points are rare in the dataset, which are also
more susceptible to noise. Setting Ny, too high may exclude
many valid points and prevent us from gaining informative local
context. On the contrary, setting Ny,i, too low leads to over-
estimation of confidence scores for sparse and potentially noisy
regions. Therefore, we set N,,;n, = 5 for a balanced choice.

It can effectively filter out extremely sparse, unreliable neigh-
borhoods, while still preserving sufficient coverage to capture
meaningful local contexts.

4.5 Label refinement on training data

As revealed in Section 4.2, given good input features, our pro-
posed online learning framework can effectively improve the
robustness and generalizability of the network. Besides, a nat-
ural byproduct of our approach is a cleaned training dataset
with annotations progressively refined by pseudo-labels. This
improvement in the quality of the training data is attributed to
the proposed online learning mechanism (Algorithm 1). When
the network makes high-confidence predictions on the set X,
these new predictions serve as pseudo-labels and gradually re-
place the original labels. Through the iterative process of up-
dating both the network parameters and the training labels, our
method can mitigate label noise, reduce the influence of out-
liers, and correct annotation errors in the training set.
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Training points

Raw annotations

Updated annotations

Figure 4. Label updates and refinements of the training point cloud data using the proposed online learning strategy. We use the same
color schemes as in Figure 2 to render the scenes.

Figure 4 shows several representative examples of label refine-
ments in the training set. In the raw data, ground points are of-
ten annotated inconsistently, exhibiting label noise. Also, many
building points are erroneously labeled as other. Our online
learning framework can effectively mitigate the noise in the
ground points and correct misannotations in the building cat-
egory, improving the overall quality of the dataset.

4.6 Limitations

Our primary research goal is to address 3D semantic segment-
ation of real-world point clouds under imperfect training data
conditions, meaning that fully supervised semantic segmenta-
tion on ideally annotated datasets is out of our research scope.
Based on this goal, we propose a confidence-aware online learn-
ing framework, RefineNet, that effectively enhances the seg-
mentation performance in real-world scenes and shows poten-
tial for refining raw data labels with inevitable annotation er-
rors, noise, and inconsistencies.

However, RefineNet still suffers from several limitations. It
is highly sensitive to the quality of input features, as only a
subset of the data is allowed to participate in training. When
trained with reliable input features, our method outperforms the
baseline. Nevertheless, its performance decreases when supple-
mentary colors with potentially wrong visual cues are used in
training. Another limitation lies in the estimation of point-wise
confidence scores. We only leverage the geospatial priors with a
specific focus on building-class points. Extending this strategy
to incorporate prior knowledge for other urban objects can fur-
ther enhance the robustness and overall performance. Besides,
real-world datasets have inherent annotation errors. Our experi-
mental evaluation may lack accuracy, as the available GT labels
cannot be assumed to represent definitive ground truth.

5. Conclusions

We have proposed a confidence-aware online learning frame-
work to explicitly address the challenges of real-world point
cloud interpretation, specifically considering label noise, out-
liers, and annotation errors. Our framework integrates local
semantic consistency measures and geospatial priors to assess
the confidence level of existing annotations. These confidence
scores are used to guide the online learning, where the net-
work prioritizes high-confidence samples for training and iter-
atively refines the annotations of low-confidence points. Our
approach yields a robustly trained segmentation model and a
cleaned point cloud dataset with enhanced annotation quality.
Experimental results on real-world datasets have validated the
applicability of our approach. However, its performance re-
mains sensitive to the quality of the input features. Our frame-
work is directly applicable to real-world point cloud segment-
ation tasks. It can be used to denoise data, correct prominent
annotation errors, and enhance overall data quality. It can also
be integrated into semi-automated annotation pipelines to facil-
itate the annotation, updating, and iterative refinement of point
cloud datasets.

In future work, we will focus on enhancing confidence estim-
ation by integrating more enriched priors. We also consider
leveraging the recent SAM technique (Kirillov et al., 2023) to
extract high-fidelity object footprints directly from imagery to
improve geospatial priors. Another potential direction is to in-
corporate synthetic point clouds to better handle the class im-
balance issue. For example, by augmenting the dataset with
samples of minor urban objects such as high-tension lines and
civil structures, we can train the network on a balanced distri-
bution to learn more robust and generalizable features.
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