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Multiple Random Observation Strategy for Enhanced
ALS Point Cloud Segmentation

Hengming Dai ¥, Zhifang Zhao ", Huiwei Jiang

Abstract—Random sampling (RS) is widely used in data-driven
large-scale point cloud processing due to its high computational
efficiency. However, it suffers from two key limitations: first, the
randomness introduced during forward propagation can lead to
unstable feature extraction, potentially compromising model per-
formance; second, RS does not consider the spatial structure of
point clouds, which may result in the loss of critical informa-
tion. These issues are particularly prominent in airborne laser
scanning (ALS) point clouds, which typically exhibit severe class
imbalance and substantial variations in object scales. To address
these challenges, we propose a multiple random observation (MRO)
framework that leverages the efficiency of RS while capturing spa-
tially complementary features. Building upon this, we introduce the
MRO-based feature aggregation module, which integrates features
from multiple observations to improve feature extraction stability
and enhance segmentation accuracy. Furthermore, we propose the
MRO-based downsampling strategy, which identifies informative
points by evaluating interobservation feature differences during
downsampling, thereby boosting overall model performance. The
proposed methods are integrated into several RS-based backbones
and evaluated on two representative ALS datasets (i.e., ISPRS and
LASDU), demonstrating strong competitiveness compared with
current leading approaches.

Index Terms—Airborne laser scanning (ALS), point cloud,
random sampling (RS), semantic segmentation.

I. INTRODUCTION

ITH the rapid advancement of remote sensing data
acquisition and processing technologies, various types
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of remotely sensed data have demonstrated significant poten-
tial across diverse Earth observation applications [1]. Among
these, airborne laser scanning (ALS) enables large-scale, high-
precision 3-D information acquisition and has been widely
applied in urban monitoring [2], biomass estimation [3], and
digital elevation model generation [4]. A fundamental prepro-
cessing step for these downstream tasks involves determining
the semantic category of each point in the raw ALS point cloud.
Traditional ALS data segmentation approaches mainly rely on
handcrafted features [5], [6] or classical machine learning classi-
fiers [7], [8]. With the rise of deep learning, data-driven methods
have significantly improved classification performance [9], [10].
These methods typically adopt one or more of the following rep-
resentations: projection-based [11], [12], [13], voxel-based [14],
[15], or point-based [16], [17], [18], [19], [20]. While projection
and voxel representations convert unstructured point clouds into
regular grids to leverage mature convolutional architectures,
this conversion inevitably results in the loss of fine-grained
geometric details. In contrast, point-based representations op-
erate directly on raw point clouds, preserving spatial fidelity
and gaining increasing attention.

Regardless of the chosen representation, most deep learning-
based methods rely on downsampling for hierarchical feature
extraction. Downsampling is straightforward for grid-based
representations, but rather more complicated for unstructured
point clouds due to the lack of inherent spatial regularity. Ex-
isting point cloud sampling strategies can be broadly catego-
rized into heuristic-based and learning-based approaches [21].
Among them, random sampling (RS) is widely adopted due
to its high computational efficiency and scalability to large-
scale scenarios [21], [22]. However, RS does not account for
the spatial distribution or geometric structure of point clouds,
often resulting in oversampling of densely populated regions
and undersampling of sparse areas [23]. This issue is par-
ticularly critical in ALS data, where significant variation in
object scales leads to small-scale features being represented
by very few points. In such cases, RS may disproportionately
sample these limited points, introducing bias and diminishing
the model’s ability to effectively represent fine-scale structures.
More critically, RS introduces randomness into the feature
aggregation process, causing instability in the extracted features,
particularly in regions with complex geometry or sharp topo-
logical changes, potentially affecting the stability of feature
extraction. As visualized in Fig. 1(b), when performing multiple
forward propagations on the same input point cloud during the
testing phase using RS, the high-dimensional features extracted
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Fig. 1.  Feature instability caused by RS. (a) Original point clouds, with colors
indicating semantic categories. (b) Relative feature variations caused by RS over
ten forward passes. (c) Relative feature variations obtained by our method over
ten forward passes. The feature difference of each point was calculated as the
L2 distance between its feature and the mean feature across multiple forward
passes, which was normalized for visualization.

for classification show noticeable variation across different for-
ward passes, indicating sensitivity to the sampling locations.
Such instability may reduce convergence stability during train-
ing and negatively impact generalization in cross-scene deploy-
ments, thus degrading semantic segmentation accuracy.

To address these challenges, we draw inspiration from en-
semble learning and multiview data augmentation strategies and
explore a multiple random observation (MRO) framework that
builds upon the efficiency of RS while enhancing its spatial
awareness. Instead of relying on a single RS pass in each
feature extraction stage, MRO features are derived from multiple
independently sampled subsets with diverse spatial distributions,
thereby capturing complementary spatial information. Based on
this, we design an MRO-based feature aggregation (MROA)
module that aggregates features extracted from multiple RS
using a self-attention mechanism thereby enhancing the stability
of RS-based feature extraction and enhancing feature consis-
tency across passes. In addition, we introduce an MRO-based
downsampling (MROS) strategy, which performs targeted sam-
pling by evaluating feature differences across MRO, aiming
to improve the stability of downsampling process by retaining
more informative points. As shown in Fig. 1(c), the proposed
MRO framework significantly reduces feature inconsistency
across multiple forward passes. We also demonstrate through
extensive experiments that the proposed MROA module and
MROS strategy effectively improve the semantic segmentation
performance of several RS-based baselines on ALS data.

In summary, the main contributions of this article are as
follows.

1) We explore a MRO framework to capture spatially com-
plementary features and enhance semantic segmentation
performance on ALS data. This approach remains under-
explored in current literature.

2) We design an MROA module that effectively integrates
features from diverse spatial distributions, enhancing the
accuracy of semantic segmentation.

3) We develop an MROS strategy that identifies informa-
tive points through interobservation feature difference
analysis, introducing a novel paradigm for ALS point
cloud downsampling.

4) Extensive experiments with various RS-based baselines
on representative ALS datasets confirm that our method
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delivers competitive, and often superior, performance
compared to leading approaches.

II. RELATED WORK
A. ALS Point Cloud Semantic Segmentation

Projection-based methods regularize discrete point clouds
using a 2-D grid, enabling the application of well-established
2-D convolutional neural networks (CNNs). Since ALS data
are typically acquired from a top—down perspective, existing
approaches often adopt the bird’s-eye view for projecting point
clouds into image representations. [11] was the first to apply
CNNs to the ground filtering task for ALS data. Their method
constructs a three-channel image by computing the elevation
differences between each laser point and its neighboring points,
with each point serving as the center of its neighborhood. The
image is then processed by a CNN for ground point classifi-
cation. Yang et al. [12] further enhanced this framework by
introducing features derived from the covariance matrix of the
local neighborhood and expanded the classification task to mul-
tiple semantic categories. These methods perform classification
at the individual point level, resulting in significant computa-
tional redundancy and limited efficiency. Subsequent studies
have improved the efficiency by refining feature map generation
and adopting fully convolutional networks (FCNs) for semantic
segmentation [13]. Despite notable progress, projection-based
methods still face inherent limitations, such as susceptibility to
occlusions [21] and loss of geometric information [16].

Voxel-based methods organize point clouds with a 3-D grid,
thereby enabling the direct application of established convo-
lutional network architectures. However, this approach intro-
duces a substantial increase in computational complexity [21].
To address this challenge, existing methods commonly em-
ploy sparse convolution. Schmohl and Sorgel [14] utilized sub-
manifold sparse convolution [24] for semantic segmentation
on large-scale ALS data, while Dai et al. [15] extended the
MinkowUnet [25] by incorporating sectional partitioning and
iterative prediction to capture broader contextual information.
Similar to projection-based methods, voxel-based approaches
also suffer from quantization errors introduced during the dis-
cretization process [26].

Point-based methods directly operate on raw point clouds,
thereby preserving rich geometric information [27]. To achieve
improved classification performance on ALS point clouds, re-
cent approaches have primarily focused on enhancing local
feature extraction and contextual modeling capabilities. This
has been achieved by incorporating auxiliary local geometric
calculation [17], [19] or attention mechanisms [9], [18], [28],
[29] to better capture fine-grained structures, and by employing
multiscale [10] or multireceptive field [16] fusion strategies, in-
cluding transformer-based architectures [20], to enrich semantic
understanding. These methods have significantly advanced the
development of ALS point cloud segmentation. However, hier-
archical feature extraction in point-based methods inherently
requires point cloud downsampling, which remains another
critical yet underexplored aspect in current literature.
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Recent studies have also leveraged multiple representation
modalities to extract complementary deep features, thereby en-
hancing overall segmentation performance [30], [31]. Notably,
these methods typically incorporate point-based representations,
as it is crucial for capturing fine-grained geometric structures,
which are especially important in high-precision ALS point
cloud processing.

B. Downsampling Strategies in Point-Based Networks

Downsampling plays a critical role in hierarchical point cloud
processing, yet designing efficient and effective sampling strate-
gies remains a major challenge due to the unstructured and
irregular nature of point clouds. Unlike downsampling methods
based on regular 2-D or 3-D grids, reducing point density in
irregular and discrete point clouds is considerably more com-
plex. Existing downsampling techniques can be broadly clas-
sified into heuristic-based and learning-based approaches [21].
Learning-based methods often adopt continuous relaxation tech-
niques [32] or reinforcement learning strategies [33] to en-
able differentiable point selection. However, these methods are
computationally expensive and typically rely on supervision or
initialization from heuristic methods [34], which restricts their
applicability to large-scale data.

In contrast, heuristic methods, such as farthest point sampling
(FPS) [10], [16], grid sampling [9], [28], and RS [21], [35], are
widely used in practice. Notably, RS provides the highest com-
putational efficiency, making it attractive for large-scale appli-
cations. However, its inherent randomness may lead to spatially
imbalanced sampling [23] and unstable feature extraction. This
limitation serves as a key motivation for our further development
of the MRO framework, which builds upon the efficiency of RS
while addressing its shortcomings through feature fusion and
sampling refinement.

III. METHODOLOGY
A. Multiple Random Observations

RS is computationally efficient and therefore widely adopted
in large-scale point cloud processing. However, as illustrated
in Fig. 1, the introduction of randomness during hierarchical
feature extraction can lead to feature instability, which may
in turn affect the optimization process of neural networks and
compromise the stability of the inference phase. Based on this
observation, and considering the high efficiency of RS, we
propose a MRO strategy to enhance the overall stability through
repeated RS. The difference between our method and existing
approaches in the downsampling process is illustrated in Fig. 2.
A shared-weight feature extraction module is applied to different
downsampled point sets to perceive local geometries. Building
on this, an MROA module is introduced to fuse features obtained
from multiple observations, thereby enhancing the stability of
feature extraction. Furthermore, we propose an MROS method,
which measures the importance of sampled points based on
feature differences across multiple observations, and utilizes this
information to determine the downsampled points for the next
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Fig.2. Primary difference between the proposed method and typical RS-based
approaches during feature extraction. (a) RS-based methods, a single RS is
performed at each downsampling level. (b) Proposed MRO method, feature
aggregation and downsampling are performed based on MRO.

Algorithm 1: Sampling Process of MRO-Framework.

INPUT: Point cloud set .S with N points, downsampling
ratio n
OUTPUT: A sequence of n subsets {57, Sa, ..
containing N/n points
Initialize Sremaining — S
fori=1 to ndo
Si — RS(Sremaining)’
Sremaining <~ Sremaining \ Sz
end for
return {5, 5o, ..

., Sn}, each

-, Sn}

stage of the network. During sampling iterations, a nonreplace-
ment strategy is utilized to ensure complete coverage of the point
cloud as illustrated in Algorithm 1.

As shown in Fig. 2(b), the point subsets obtained through
multiple rounds of sampling without replacement are nonover-
lapping and spatially complementary. By extracting features
from these different subsets, spatially complementary high-
dimensional features can be obtained. Subsequently, the features
from different subsets are interpolated back to the original point
cloud at the current downsampling stage, ensuring that each
point receives multiple observations. This facilitates the fusion
of spatially complementary features in the subsequent process.

B. MRO-Based Feature Aggregation

For each point subset S; from random observations, we
employ the local feature aggregation (LFA) module [22] to
extract features. Subsequently, the local features are upsampled
and propagated back to the original point set S through the
nearest neighbor interpolation as depicted Fig. 2(b). Feature
interpolation addresses the spatial correspondence of multiple
observations, ensuring that each point in the input point set S at
the current downsampling stage obtains features from multiple
observations, which facilitates subsequent feature fusion. As
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Fig. 3.  Illustration of the MROA pipeline. Each random observation is repre-
sented by a single feature point for clarity.

illustrated in Fig. 3, after the interpolation process, each point
is associated with multiple feature observations. Specifically,
the feature extracted from its own subset S; is referred to
as the central feature f., while the features interpolated from
neighboring observations are denoted as f,. Fig. 3 presents an
example corresponding to a four-times downsampling scenario.
For these features, we first construct the relative encoding £,
based on both the features and spatial coordinates of the central
and auxiliary points

fT:(XCaX07X07fC7fc*fo)- H

Here, x. represents the coordinate matrix of the central points
and x,, denotes the coordinate matrix of the auxiliary observa-
tion points. To ensure proper alignment, x. is broadcasted to
match the dimensions of X,. This relative encoding provides
a unified representation that effectively captures the geometric
and feature-level relationships across different observations, fa-
cilitating more robust feature aggregation in subsequent stages.
The resulting relative encodings are then processed through a
sequence of multilayer perceptrons (MLPs) designed to project,
refine, and aggregate these features. As shown in Fig. 3, the
relative encoding JF, is first independently processed by two
separate MLPs: one is used for feature projection, while the
other is utilized to generate attention weights. The features
from multiple observations are then aggregated through an
attention-based summation, enabling the network to flexibly
model complex interactions across multiple observations. On
this basis, the fused features are added to the central feature
and further refined through another MLP, in order to prevent the
multiple observation features from excessively dominating the
central feature representation. The overall computation process
can be formulated as follows:

.fmroa :M3 fc+ZMl(‘Fr)J(M2(~FT)) (2)
c=1

where M denotes the MLP, o (-) represents the softmax function,
and n indicates the number of MRO features.
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Fig. 4. Tllustration of the main calculations in MROS strategy. (a) Feature
difference calculation based on MRO features. (b) Geometric interpretations of
the feature difference, the max-pooling result that includes the center point (red
dashed line) is slightly offset for illustrative purpose.

The overall design of MROA module is intended to mitigate
the feature instability caused by RS and enables the extraction
of more robust representations.

C. MRO-Based Downsampling

As RS neglects the spatial distribution and geometric structure
of point clouds, it tends to oversample dense regions while
ignoring small-scale objects with few points, which is an issue
exacerbated in ALS data with large variations in object scale.
To address this, we propose a downsampling strategy based
on the MRO mechanism, where each point receives multiple
observations from different subsets. The variation among these
observations captures local geometric complexity and guides
more adaptive sampling. This enables us to preserve points
containing richer information during downsampling, resulting
in a more representative subset. Specifically, as illustrated in
Fig. 4(a), we perform LFA using a max pooling operation, where
we first compute the aggregated feature £5'** from the auxiliary
observation features, excluding the central point

£5). 3)

Meanwhile, the aggregated feature including the central feature
is denoted as £2'**, which is computed as follows:

£74 — maxpool (f2, ...

£19% — maxpool(fl, ..., 7, f,). )

On this basis, we compute the distance d; between £2'** and £,
as well as the distance dy between £ and f5'** calculated by
L -distance

dy = [[f™ = felx
dy = [|f™ = £ 1. )

Here, d; reflects the local importance of the central feature.
When the central feature f, exhibits high saliency, the aggregated
feature £"** that includes f. will be closer to f; itself, resulting
in a smaller d;. Conversely, a larger d; indicates that £2'** is
predominantly influenced by the auxiliary observation features
f,. On the other hand, ds measures the contribution of f; to the
max pooling operation. A larger ds implies that incorporating
f. into the aggregation introduces a more significant change in
the resulting feature.
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Overall network architecture of the proposed method. Since our method is compatible with various RS-based frameworks, RandLANet is used here as a

representative backbone to illustrate how it integrates with the proposed MRO strategy.

In fact, d; and dy have clear geometric interpretations, as
illustrated in Fig. 4(b). Since the max pooling operation selects
only the maximum value across channels, d; measures the
geometric area S; between the part of the feature where the
central feature does not participate in the pooling operation
and the aggregated feature. The smaller this area, the closer the
central feature is to the aggregated feature. On the other hand,
ds measures the area Sy between the part where the central
feature participates in the pooling operation and the aggregated
feature obtained from the auxiliary observations. A larger area
indicates a greater contribution of the central feature to the
pooling operation. During the sampling process, points with
relatively large dy and small d; are considered to exhibit more
complex geometric features. Therefore, we design a sampling
score function 7T (dy, d3) calculated as

dy—dy

T(dl,dg) ES m

(6)

This formulation measures the relative magnitude between do
and d;, with its value range being [—1, 1]. A larger function value
indicates that the corresponding point contains richer informa-
tion. However, during the sampling process, it is important to not
only focus on regions with complex geometric structures but also
to preserve relatively flat areas (such as rooftops and ground sur-
faces) that contribute to the extraction of contextual information.
To prevent the sampled points from being overly concentrated in
extreme cases, we do not directly perform hard sampling based
on the ranking of the 7 -scores. Instead, the T -scores are used
as probabilistic weights for multinomial sampling.

D. Network Architecture

The proposed approach targets feature fusion under multiple
RS conditions and the development of an improved sampling
strategy, independent of any specific network backbone. To
ensure a fair comparison, our network architecture is designed
based on several representative RS-based point cloud semantic
segmentation networks [22], [36], [37]. As shown in Fig. 5, the
architecture follows a symmetric encoder—decoder paradigm.
The encoder comprises four hierarchical stages of downsam-
pling and feature extraction, where at each level we incorporate
the proposed MROA module for robust feature fusion and apply
the MROS strategy to guide downsampling point selection.
During decoding, nearest neighbor interpolation is employed
for upsampling, and MLPs are utilized for feature propagation.

Furthermore, skip connections are introduced between the cor-
responding encoder and decoder stages to facilitate effective
feature reuse and gradient flow.

IV. EXPERIMENTS
A. Datasets

To validate the effectiveness of the proposed method, we con-
duct extensive experiments on the ISPRS Vaihingen dataset [6]
and the LASDU dataset [43]. The ISPRS dataset was acquired
using the Leica ALS-50 system at an average flying height of
500 m. This dataset is annotated with nine semantic categories,
including power lines, low vegetation, impervious surfaces,
cars, fences, roofs, facades, shrubs, and trees. The training set
contains a total of 753 876 points, while the test set includes
411 722 points. We provide a visualization of the dataset and the
proportion of each semantic category in the upper part of Fig. 6.
The LASDU dataset was acquired using the Leica ALS-70
system at an average flying height of approximately 1200 m.
It provides annotations for five semantic categories, namely,
ground, buildings, trees, low vegetation, and artifacts. Among
the four regions included in the dataset, we follow existing
partitioning protocols by using Sections 2 and 3 as the training
set, and Sections 1 and 4 as the test set [9], [10]. The training
and testing data, along with the proportion of each semantic
category, are visualized in the lower part of Fig. 6.

B. Baselines

To validate the effectiveness of the proposed method, we first
conduct acomparative analysis against RandLA-Net [21], [22], a
pioneering work based on RS. Furthermore, we select two repre-
sentative methods developed on top of RandLLA-Net as baseline
approaches. Specifically, BAF-LAC [36] introduces a backward
attentive fusing strategy to enhance the robustness of feature
extraction, along with a local aggregation classifier to improve
the uniformity of predictions. BAAF [37], on the other hand,
designs a bilateral feature enhancement strategy that integrates
both geometric and semantic features. Our proposed method can
be seamlessly incorporated into these network architectures.

C. Evaluation Metrics

Following established practices in ALS point cloud semantic
segmentation [16], [17], we adopt multiple evaluation metrics to
comprehensively assess the performance of our method. Specif-
ically, we report overall accuracy (OA), intersection over union
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(IoU), and the F -score as the primary evaluation indicators. OA
measures the proportion of correctly classified points relative
to the total number of points, offering a general overview of
classification effectiveness. Given the inherent class imbalance
typically present in ALS datasets, IoU and F}-score provide
a more nuanced evaluation by focusing on per-class perfor-
mance. These metrics are computed based on the number of
true positives (TP), false positives (FP), and false negatives (FN),
according to the following formulations:

TP
P= TP + FP
TP
R=———
TP + FN
P xR
F, =2 x
! P+R
U= — P )
" TP+ FP+FN’

D. Implementation Details

To mitigate the issue of uneven point cloud density caused by
strip overlaps, we first applied grid-downsampling to the ISPRS
dataset with a fixed grid resolution of 0.25 m. For the LASDU

dataset, we did not apply downsampling and instead used the
raw-resolution point cloud directly, as the point distribution in
LASDU is relatively uniform. Afterward, we adopted the spatial
sampling strategy of RandLANet to generate mini-batches, with
a fixed number of 8192 points per sample for both datasets.
During the training phase, we employed data augmentations
including random rotation around the z-axis and random scaling.
To ensure a fair comparison, all models were optimized using
only the weighted cross-entropy loss function. The network was
trained using the Adam optimizer with an initial learning rate of
0.01, a batch size of 8, and 50 iterations per epoch, for a total
of 100 epochs. An exponential learning rate scheduler with a
gamma of 0.95 was used to gradually decay the learning rate after
each epoch. All models were implemented using the PyTorch
framework and trained on NVIDIA RTX 4090 GPUs.

E. Results on ISPRS Dataset

Based on the baseline methods mentioned in Section IV-B, we
incorporate the proposed MROA module and MROS strategy
to evaluate their effectiveness. The quantitative results on the
ISPRS dataset are shown in Table I. It can be observed that
the integration of the MROA module leads to performance
improvements across all three baseline methods. Specifically,
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TABLE I
QUANTITATIVE COMPARISON WITH OTHER REPRESENTATIVE METHODS ON ISPRS DATASET

Methods Powerline Low_veg Imp_surf Car Fence Roof Facade Shrub Tree OA mF; mliloU
D-FCN [38] 70.40 80.20 91.40 78.10 37.00 93.00 60.50 46.00 79.40 | 82.20 70.70 57.60
DANCE-NET [39] 68.40 81.60 92.80 77.20 38.60 9390 60.20 47.20 81.40 | 83.90 71.20 58.30
RFFS-Net [16] 75.50 80.00 90.50 78.50 45.50 9270 5790 4830 75.70 | 82.10 71.60 58.20
VD-Lab [10] 69.34 80.49 90.35 79.44 38.25 89.51 59.73 47.53 77.19 | 84.40 72.60 -
GACNN [40] 76.00 81.80 93.00 77.70 37.80 93.10 5890 46.70 78.90 | 83.20 71.50 58.70
MCEN [18] 74.50 82.30 91.80 79.00 37.50 9470 61.70 48.70 83.30 | 84.40 72.60 56.90
RRDAN [9] 72.20 81.70 91.20 84.60 44.80 9470 65.20 52.00 85.30 | 84.90 74.60 62.10
KPConv [28] 73.50 78.70 88.00 79.40 33.00 9420 61.30 4570 82.00 | 81.70 70.60 57.70
DAKAG-Net [28] 71.70 83.10 91.70 81.20 43.10 9490 64.10 50.00 83.90 | 85.20 73.70 61.20
Dense-LGEANet [29] 72.20 80.80 92.10 7870 41.20 9390 61.50 47.20 80.50 | 83.20 72.00 58.50
BAFNet [41] 80.86 81.34 91.24 7691 40.66 9337 61.50 47.68 81.90 | 83.69 72.83 60.10
MIA-Net [42] 65.80 79.50 89.70 71.10 2620 94.00 63.50 48.10 82.80 | 83.30 69.00 56.01
BAF-LAC 69.40 81.09 91.89 78.56 35.62 9453 59.69 43.88 81.68 | 83.70 70.71  58.00
BAF-LAC + MROA 71.81 81.86 91.70 76.55 33.68 9471 6120 4647 82.89 | 8423 71.21 58.59
BAF-LAC + MROA + MROS 72.78 81.64 91.73 79.19 39.66 94.77 61.75 47.88 83.11 | 84.32 72.50 59.83
BAAF 73.60 81.85 92.39 75.90 38.99 93.58 60.04 48.87 80.49 |83.78 71.74 58.80
BAAF + MROA 71.53 82.52 91.51 78.32 42.61 93.19 60.25 49.24 80.34 | 83.68 72.17 59.10
BAAF + MROA + MROS 74.61 81.93 91.68 78.83 39.62 94.23 59.34 4843 82.93 | 84.26 7240 59.71
RandLANet 66.67 81.57 90.94 79.08 38.80 94.79 60.04 43.88 82.02 | 83.97 70.86 58.04
RandLANet + MROA 71.62 81.79 92.03 78.99 40.13 94.62 61.66 46.21 81.72 | 84.12 72.09 59.34
RandLANet + MROA + MROS 76.12 81.98 91.70 80.47 3997 9453 61.12 47.14 8245 | 84.35 72.83 60.28
The F-score (%) is reported for each semantic class. (Best performances are marked in bold.)
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Fig. 7.

the mF scores of BAF-LAC, BAAF, and RandLANet increased
by 0.5%, 0.43%, and 1.23%, respectively, while the mloU
scores improved by 0.59%, 0.3%, and 1.3%, respectively. These
results demonstrate the effectiveness of the MROA module.
Building upon this, the addition of the MROS strategy further
enhances performance. The mF; scores of BAF-LAC, BAAF,
and RandLLANet were further improved by 1.29%, 0.23%, and
0.74%, respectively, while the mIoU scores increased by 1.24%,
0.61%, and 0.94%, respectively. These results provide additional
evidence supporting the effectiveness of the MROS strategy.
Overall, the proposed MRO approach consistently enhances
the performance of all three baseline methods. Although it
does not achieve state-of-the-art segmentation results on the
ISPRS dataset, the best obtained OA score (MRO-RandLLANet)
is only 0.55% lower than that of the current leading method,
indicating strong competitiveness. The classification confusion

Normalized confusion matrix of the MRO-based methods on the ISPRS dataset. (a) MRO-BAF-LAC. (b) MRO-BAAF. (¢c) MRO-RandLLANet.

matrix of the proposed method on the ISPRS dataset is shown
in Fig. 7. As illustrated, MRO-RandLANet achieves the best
recognition performance for the categories of low vegetation,
fence, facade, and tree. Moreover, it also achieves the high-
est overall mF; and mloU scores among the three baseline
methods.

In Fig. 8, we further provide a visual comparison between the
proposed method and the three baseline methods (top row: Rand-
LANet, middle row: BAF-LAC, bottom row: BAAF). The seg-
mentation results with the integrated MRO strategy are shown in
the right column. It can be observed that our method effectively
improves the baselines’ ability to recognize categories, such as
power lines, cars, low vegetation, and trees. Notably, power lines
and cars constitute a very small proportion of the ISPRS dataset.
The improved recognition of these underrepresented classes
contributes significantly to the performance gains in terms of
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Powerline

Facade

Fig. 8.
BAAF and RandLANet. (a) Ground Truth. (b) Baselines. (¢) Ours.

both mF; and mloU scores achieved by the proposed MRO
method.

F. Results on LASDU Dataset

In the experiments conducted on the LASDU dataset, we
also evaluated the three baseline methods described in Sec-
tion IV-B. The quantitative results are presented in Table II.
It can be observed that, after incorporating the proposed MRO
strategy, all three baseline methods achieved leading segmen-
tation performance, with mFi scores exceeding 79%, sur-
passing the previous best score [41] of 78.95%. Specifically,
the introduction of the MROA module led to improvements
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Shrub

Visual comparison of classification results on the ISPRS dataset between the proposed method and baseline methods. From top to bottom: BAF-LAC,

in mF scores of 0.69%, 0.46%, and 0.51% for BAF-LAC,
BAAF, and RandLANet, respectively. Similarly, mloU scores
increased by 0.64%, 0.44%, and 0.67%, respectively, indicating
that the MROA module contributes consistently to these RS—
based methods. Furthermore, with the addition of the MROS
strategy, the m F scores of BAF-LAC, BAAF, and RandLANet
were further improved by 0.78%, 0.87%, and 0.92%, respec-
tively, while the mIoU scores increased by 0.87%, 1.03%, and
1.00%, respectively. These results provide further evidence of
the effectiveness of the MROS strategy, which may be at-
tributed to its ability to retain more informative points, thereby
facilitating better feature extraction and aggregation after
downsampling.



QUANTITATIVE COMPARISON WITH OTHER REPRESENTATIVE METHODS ON LASDU DATASET

TABLE II

DAI et al.: MULTIPLE RANDOM OBSERVATION STRATEGY FOR ENHANCED ALS POINT CLOUD SEGMENTATION

Methods Ground Buildings Trees Low_veg Artifacts OA mFy mloU
DensePoint [10] 89.78 94.77 85.20 65.45 34.17 86.31 73.87 63.00
DGCNN [28] 90.52 93.21 81.55 63.26 37.08 85.51 73.12 61.57
PosPool [28] 88.25 93.67 83.92 61.00 38.34 83.52 73.03 61.39
HDA-PointNet++ [43] 88.74 93.16 82.24 65.24 36.89 84.37 73.25 61.56
VD-Lab [10] 91.19 95.53 87.26 73.49 44.64 88.01 78.42 -
RFFS-Net [16] 90.92 95.35 86.81 71.01 44.36 87.12 77.69 66.94
RRDAN [9] 91.60 96.60 84.10 66.30 48.30 87.70 77.40 66.40
MCEFN [18] 91.60 96.70 85.90 67.10 43.80 88.00 77.00 66.38
DAKAG-Net [28] 90.80 96.63 85.85 67.78 47.92 87.38 77.80 66.92
Dense-LGEANet [29] 91.40 95.60 88.00 72.50 43.90 87.70 78.30 67.20
MIA-Net [42] 91.00 95.70 86.20 71.60 40.60 87.70 77.00
BAFNet [41] 91.36 95.69 86.71 73.36 47.64 88.04 78.95 -
BAF-LAC 92.09 95.92 85.31 73.07 41.60 88.03 77.60 67.15
BAF-LAC + MROA 91.60 95.86 86.47 73.28 44.24 87.82 78.29 67.79
BAF-LAC + MROA + MROS 91.92 96.08 86.75 74.28 46.32 88.28 79.07 68.66
BAAF 91.32 95.63 86.40 73.07 43.01 87.55 77.89 67.34
BAAF + MROA 91.36 96.02 86.26 72.98 45.14 87.75 78.35 67.78
BAAF + MROA + MROS 91.64 96.18 87.54 73.45 47.27 88.22 79.22 68.81
RandLANet 91.38 95.66 85.59 73.82 44.71 87.43 78.23 67.58
RandLANet + MROA 91.71 96.10 86.19 74.04 45.67 87.96 78.74 68.25
RandLANet + MROA + MROS 91.87 96.21 86.91 74.67 48.64 88.44 79.66 69.25

The F score (%) is reported for each semantic class. (Best performances are marked in bold.)
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A visual comparison between the proposed method and the
three baseline methods is presented in Fig. 9 (top row: Rand-
LANet, middle row: BAF-LAC, bottom row: BAAF), with the
segmentation results after applying the MRO strategy shown in
the right column. It can be observed that our method facilitates
better recognition of low vegetation and artifact. As illustrated
in the confusion matrix in Fig. 10, these two classes are prone to
confusion, and both share a high degree of similarity with ground
points. Although the proposed method outperforms existing
approaches in distinguishing low vegetation and artifact, further
improving their separability remains an important direction for
future research.

G. Effectiveness of MROS Strategy

In this section, we further analyze the effectiveness of the
proposed MROS strategy. Specifically, we employ RandLLA-Net
as the backbone network and conduct inference on the ISPRS
dataset using both RS and MROS strategies. During the entire
inference process, we record the semantic category distribution
of the points obtained after each downsampling step. Fig. 11
illustrates the percentage change in the number of sampled
points per category when using MROS compared to RS. It
can be observed that categories, such as powerline, car, facade,
shrub, and tree all experience an increase in the number of
sampled points, with the number of powerline points showing
a notable increase of over 22%. As shown in Fig. 6, powerline
is the least represented category in the dataset, and the others
also account for relatively small proportions. Although these
categories exhibit distinct geometric characteristics, they are
likely to be underrepresented by RS due to their low frequency.
In contrast, categories like low vegetation, impervious surface,
and roof show a reduction in sampled points. These are the three
most dominant categories in the ISPRS dataset and typically
contain large, flat regions (roof and ground). These results help

explain the performance improvements observed in Table I
for the aforementioned minority classes and also demonstrate
the feature selection capability of MROS. Compared with RS,
MROS provides a more balanced and task-relevant sampling
scheme, which is beneficial for enhancing semantic segmenta-
tion performance.

Furthermore, we conducted a visual analysis of the sampling
results generated by the proposed MROS strategy and compared
them with those of the widely used RS and FPS methods. As
shown in Fig. 12, the first row displays the input point clouds,
while the second to fourth rows illustrate the results obtained by
MROS, RS, and FPS, respectively, under 4 x and 16 x downsam-
pling rates. Regions with noticeable differences are highlighted
with red boxes for clearer comparison. It can be observed that
RS tends to overlook objects with fewer laser points but distinct
structural characteristics, such as powerlines, cars, and facades.
As a result, small-scale objects may be discarded during the
early stages of downsampling, adversely affecting the model’s
ability to extract and recognize features from such categories.
In contrast, the MROS strategy helps preserve more of these
small yet structurally significant objects, thereby enhancing the
representativeness of the subsampled points. This advantage
can be attributed to MROS’s ability to consider local feature
variations across MRO, enabling it to retain points that are more
informative and better reflect the spatial geometric structures.
Regarding sampling uniformity, FPS achieves the most uni-
form results. However, MROS tends to prioritize geometrically
complex regions while preserving fewer points in geometrically
simple areas, such as flat ground surfaces. It is noticeable that
MROS retains fewer ground points than RS and FPS under both
4x and 16x downsampling, yet it still captures the underly-
ing ground geometry effectively. Considering the quantitative
comparisons on efficiency (see Table IV) and the analysis in
Section IV-I, these observations further support the effective-
ness of the proposed MROS strategy. They also highlight the
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Fig. 9.
BAAF, and RandLANet. (a) Ground truth. (b) Baselines. (c) Ours.

significance of developing nonuniform sampling methods that
selectively retain features from geometrically complex struc-
tures.

H. Effectiveness of MROA Module

As shown by the quantitative comparison results on the ISPRS
dataset (see Table I) and the LASDU dataset (see Table II), the
MROA module brings varying degrees of performance improve-
ment to three representative RS-based semantic segmentation
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Artifact

Visual comparison of classification results on the LASDU dataset between the proposed method and baseline methods. From top to bottom: BAF-LAC,

models: RandLANet, BAF-LAC, and BAAF. In this section, we
further analyze the effectiveness of the MROA module, with
quantitative results summarized in Table III. First, we removed
the MROA module from the MRO-RandLANet model. The
experimental results on the ISPRS dataset indicate a notice-
able degradation in semantic segmentation performance, with
declines observed in OA, m F, and mloU-scores, demonstrating
the positive contribution of MROA to the model’s effectiveness.
Next, we attempted to fuse features from multiple downsam-
pled point subsets using simple max-pooling or average-pooling
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Fig. 11.  Variation ratio of subsampled point counts for each semantic category
using MROS sampling compared to RS on the ISPRS dataset during inference
phase. A positive value indicates an increased presence of the class in the
downsampled points, whereas a negative value reflects a reduced presence.

TABLE III
QUANTITATIVE ANALYSIS OF MROA MODULE EFFECTIVENESS

Fusion strategy OA(%) mFy (%) mloU (%)
None 84.07 72.01 59.23
Max-pooling 83.52 72.11 59.19
Average-pooling 83.76 72.03 59.12
MROA 84.35 72.83 60.28
(Best performances are marked in bold.)
TABLE IV

QUANTITATIVE COMPARISON OF INFERENCE EFFICIENCY AND MODEL
ACCURACY OF RANDLANET WITH DIFFERENT SETTINGS ON THE ISPRS

DATASET
Methods Forward pass time (ms) OA(%) mF1(%)
RandLANet 16.14 83.97 70.86
RandLANet+FPS 356.28 84.03 71.43
MRO-RandLANet 78.44 84.35 72.83

(Best performances are marked in bold.)

strategies. However, these approaches failed to produce signif-
icant performance gains and even led to a decrease in OA in
some cases. This suggests that feature fusion from multiple
observations is not straightforward, and that an appropriate
fusion strategy is essential for enhancing segmentation perfor-
mance. These experiments further validate the effectiveness of
the MROA module.
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Normalized confusion matrix of the MRO-based methods on the LASDU dataset. (a) MRO-BAF-LAC. (b) MRO-BAAF. (¢) MRO-RandLLANet.
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Fig. 12.  Visualized comparison of downsampling results of MROS, RS, and
FPS sampling methods on the ISPRS dataset.

1. Efficiency Analysis

In this section, we further analyze the efficiency of the pro-
posed MRO framework. Specifically, we compare the inference
efficiency and semantic segmentation performance between
RandLANet and MRO-RandLLANet during the testing phase.
The experiments are conducted on the ISPRS dataset. In addi-
tion, we replace the RS strategy in RandLLANet with the widely
adopted FPS sampling method to perform a comparative study.
The quantitative results are presented in Table IV. As observed,
the inference efficiency of our method is lower than that of
RandLANet. This is primarily because the MRO framework re-
quires multiple forward passes at each feature extraction stage to
process different downsampled point subsets, which inevitably
impacts the overall efficiency. Nevertheless, the MRO frame-
work brings noticeable improvements in semantic segmentation
performance. Specifically, MRO-RandLANet achieves a 1.97%
gain in mF -score compared to RandLANet. On the other hand,
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when the RS strategy in RandLANet is replaced by FPS, we
observe an improvement in semantic segmentation performance.
However, this comes at the cost of a significant reduction in
runtime efficiency, with the inference speed being approximately
4.5 times slower than that of MRO-RandL ANet. In comparison,
the MRO framework achieves better runtime efficiency than FPS
sampling while also delivering superior semantic segmentation
performance. Overall, these results indicate that although the
MRO framework incurs some efficiency loss, such tradeoff may
be acceptable in application scenarios where runtime efficiency
is not the primary concern.

V. CONCLUSION

In this artice, we propose a MRO framework to enhance
the semantic segmentation performance of RS-based networks
on ALS point clouds. The framework leverages the efficiency
of RS by performing multiple rounds of nonreplacement
random downsampling during the feature extraction stage,
thereby covering the target point set with diverse and spatially
complementary subsets. High-dimensional features extracted
from these observations are then fused to improve spatial
completeness. To this end, we design the MROA module,
which aggregates features from multiple observations using
local spatial attention, thereby enhancing the robustness
of local feature extraction. Furthermore, we introduce the
MROS sampling strategy to retain more informative points
by computing local feature differences that reflect the relative
importance of each center point. These scores are used as
probabilistic sampling weights for guided downsampling. We
integrate the proposed MRO method with several representative
RS-based networks and evaluate its effectiveness on the ISPRS
and LASDU datasets. Experimental results demonstrate that
both the MROA and MROS components contribute positively
to performance improvements. The proposed method achieves
competitive results on the ISPRS dataset and outperforms
current state-of-the-art methods on the LASDU dataset, with all
three baseline networks achieving mF} scores above 79% on
the LASDU dataset after incorporating the MRO-based com-
ponents. However, due to the need for multiple forward passes
during the feature extraction process to obtain multiobservation
features, the MRO framework still has a certain degree of
negative impact on model efficiency. In future work, we plan to
design lightweight feature extraction modules and more efficient
feature fusion strategies to further improve the overall efficiency.
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