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Point-SCT: A Multiscale Spatial Convolution-Swin
Transformer Network for Point Cloud Ground

Filtering in Complex Mountainous Terrains
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Nur Intan Raihana Ruhaiyem , and Jonathan Li , Fellow, IEEE

Abstract— Deep learning (DL)-based point cloud segmentation
methods have been extensively explored, but the majority focus
either on local or global feature learning, with few integrating
both. These integrated approaches have not been sufficiently
explored in complex mountainous scenes with low feature
heterogeneity. To address this gap, we propose a novel point-
based multiscale spatial Convolution-Swin Transformer network
(Point-SCT). Point-SCT combines convolutional local geometric
detail capture with global relationship modeling via dynamic
window interactions in Transformer, enhancing ground filtering
accuracy in challenging mountainous scenes. The encoder incor-
porates a convolution-based multiscale local feature aggregation
(MLFA) approach, integrating local geometric feature encoding
local geometric structure encoding (LGSE) and diluent pooling
(DP) strategies to effectively aggregate local detailed geometric
features while suppressing irrelevant feature vectors and enhanc-
ing the representation of low-heterogeneity feature. Additionally,
the dynamic spatial window strategy within the Transformer
facilitates the capture of long-range feature dependencies. To mit-
igate noise introduced by RGB in point cloud overlays and
sharpen geometric distinctions between the ground and low-
lying vegetation, we introduce boundary detector, curvature, and
average elevation (BCE) as prior inputs, replacing RGB. Finally,
quantitative and qualitative analyses of Point-SCT are conducted
on an airborne laser scanning (ALS) dataset from a mountainous
area, with ablation studies validating the effectiveness of LGSE,
DP, and BCE. The comprehensive experiments demonstrate
that Point-SCT robustly segments ground points in complex
mountainous scenes, achieving state-of-the-art levels of accuracy
and generalization.
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I. INTRODUCTION

WITH the advancement of 3-D laser scanning technol-
ogy, the density of laser points from light detection and

ranging (LiDAR) sensors has progressively increased, posi-
tioning airborne LiDAR as an indispensable tool for obtaining
large-scale 3-D topographic maps. As an advanced active
remote sensing technology, airborne laser scanning (ALS)
offers dynamic flexibility, high resolution, and high accuracy,
enabling 3-D observations of large-scale complex terrains
and geological structures for geospatial applications such as
disaster monitoring [1], subsidence [2], landslide detection [3],
and the quantification of soil erosion and deposition [4].
To implement such ALS applications, large-scale and discrete
ground point clouds are first transformed into precise digital
models, with ground point cloud filtering serving as a crucial
prerequisite for accurately extracting ground points and elimi-
nating random noise, speckles, or anomalies at various scales.
Subsequently, multitemporal digital models are constructed
across the same spatial scale but different temporal dimensions
to analyze terrain change patterns under the current spatial
framework, conduct natural resource surveys and management,
and prevent geological disasters [5]. Hence, the demand for
advanced automation, high efficiency, and improved accuracy
in ground point filtering methods in mountainous area has been
steadily increasing.

Traditional ground point filtering methods are typically
divided into three categories based on the geometric attributes
of point clouds and filtering rules: slope-based [6], surface-
based [7], and morphological-based [8] methods. However,
these algorithms often fail in complex terrains characterized
by steep slopes, gullies, and dense vegetation as they struggle
to accurately capture the inherent features of objects [9].
Over the past years, deep learning (DL) has experienced
exponential growth, particularly with significant advancements
in the fields of computer vision and remote sensing [10].
Various effective DL-based point cloud segmentation methods
have been developed, typically categorized into two types at
the preprocessing stage: point compression-based and point
convolution-based methods [11].
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Point compression-based methods compress point cloud
data into multiview images or multidimensional voxels, lever-
aging intensity and density features to achieve significant
progress in several tasks [12], [13], [14], [15]. However,
they often neglect semantic information of point cloud ele-
vations and spatial structural features, inevitably introducing
quantization errors and failing to exploit the sparse spa-
tial characteristics of raw point clouds. Moreover, unfilled
and unused voxels or grids can cause remarkable memory
redundancy and computational cost, limiting the scalability
in large-scale scenarios [16]. In contrast, point convolution-
based methods [19], [20], [21], [22], [23] employ multiple
or shared point convolution operators directly on points,
followed by object classification or segmentation. Due to
their end-to-end simplicity and scalable network architectures,
these methods show great potential in engineering applica-
tions [22]. However, most CNN-based models focus primarily
on aggregating local features and struggle to capture global
dependencies across multilevel features, resulting in subop-
timal performance for complex mountainous remote sensing
tasks [23].

The Transformer [24] has demonstrated exceptional per-
formance in point cloud processing tasks, even surpassing
CNN models in certain scenarios. Point clouds, which are
inherently point sets embedded in space, contain positional
information. Vision transformer (ViT) [25] processes input
using self-attention, which provides invariance to sequence and
cardinality. This mechanism calculates the similarity between
any pair of embedded vectors and computes a weighted sum,
thereby establishing relationships among all low-level input
vectors and subsequent processing modules. This process
allows the model to effectively capture long-range depen-
dencies between positional and feature information, which
is crucial for large-scale point cloud tasks [17]. However,
modeling these long-range dependencies in ViT necessi-
tates stacking numerous linear projection modules to extract
high-level nonlinear features, which increases computational
complexity and resource demand while reducing inference
efficiency compared to CNNs. To address these limitations, the
Swin Transformer [26] introduces a hierarchical feature map-
ping approach, which reduces computational complexity from
quadratic to linear. Combined with multilayer feature fusion
designs, such as the feature pyramid network (FPN) [27],
it optimizes the network structure, balancing semantic infor-
mation and positional information across different feature
levels while alleviating the computational burden of high-
resolution tokens. To further balance local and global feature
learning, as well as accuracy and efficiency, the convolutional
ViT (CvT) [28] incorporates convolutional modules prior to
the ViT input projection layer to aggregate local features from
raw point clouds. This method has been shown to achieve
more robust model performance and improved computational
efficiency.

However, current DL-based point cloud segmentation
approaches primarily focus on learning either local or global
features, and they have not been sufficiently explored in
large-scale mountainous scenes. These environments are char-
acterized by complex terrain changes, geological structures,

and dense vegetation coverage, where the ground and non-
ground (NG) points exhibit insignificant interclass differences,
resulting in complex topological structures that make the fine
separation of ground and NG points highly challenging [29].
Furthermore, the existing approaches rely on RGB as auxiliary
input features to capture spatial consistency through color
coherence [30]. Nevertheless, in these challenging mountain-
ous environments, the quality of optical sensor imagery is
often degraded by uneven shading caused by lighting and
complex vegetation occlusion, leading to inaccurate color
information. Also, the registration process between point
clouds and imagery inevitably introduces noise and errors.
Therefore, efficiently and accurately extracting local geomet-
ric details and global relational features from discrete point
clouds using DL techniques remains a highly challenging and
promising research topic.

Motivated by CvT and Swin Transformer, we hypothesize
that combining the robust local spatial feature perception
capabilities of CNNs and global feature relationship modeling
of multiscale shifted spatial windows Transformer can sig-
nificantly improve the performance and accuracy of ground
filtering tasks in complex mountainous scenes. To this end,
we propose the Point-SCT model, an end-to-end ground filter-
ing framework tailored for large-scale remote sensing scenes
characterized by challenging terrains, geological structures,
and vegetation environments. The model architecture incorpo-
rates a multilevel residual structure to capture multilevel and
multiscale feature representations of unstructured point clouds.
In the encoder, we employ a random sampling (RS) strat-
egy [21] and introduce a novel CNN-based multiscale local
feature aggregation (MLFA) module to efficiently aggregate
multiscale local geometric features and prevent the loss of
critical features during RS. The MLFA consists of two inno-
vative submodules: local geometric structure encoding (LGSE)
and diluent pooling (DP). Furthermore, we design the spatial
Swin Transformer (SSwin Transformer), leveraging shifted
spatial windows to enable hierarchical global geometric feature
interactions. The logic of synergistic interaction between the
MLFA and spatial Swin Transformer modules is illustrated
in Fig. 1. Additionally, to mitigate the noise introduced when
acquiring RGB data, caused by the overlay effect in point
clouds, and to enhance the distinction of surface geometric
features and interclass boundaries between the ground and NG,
we propose a feature combination derived from the geomet-
ric relationships of point neighborhoods, including boundary
detector, curvature, and average elevation (BCE) as input
features.

Our main contributions are summarized as follows.
1) We develop a novel ground filtering model, Point-SCT,

which integrates CNNs with spatial Swin Transformers,
focusing on the aggregation of local spatial geometric
information, expanding the scope of information inter-
action, and establishing long-range and cross-domain
information dependencies.

2) In the encoder, we propose a novel MLFA module,
incorporating LGSE and DP submodules that enable
high-density aggregation and adaptive preservation of
point neighborhood detail geometric features.
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Fig. 1. Synergistic interaction between the MLFA and spatial Swin
Transformer modules is demonstrated on a small sample of raw point cloud
data from mountainous terrain. Red points represent NG points, while yellow
points represent ground points.

3) We implement the prior BCE feature combination
tailored to the structural design of Point-SCT, replacing
traditional RGB inputs to mitigate overlay noise and
enhance interclass feature distinction.

II. RELATED WORK

This section reviews and summarizes previous DL-based
intelligent point cloud processing methods, with a particular
focus on point convolution and Transformer-based methods
relevant to this article.

A. Point Compression-Based Methods

Point compression-based methods involve point voxeliza-
tion and projection regularization. The voxelization method
converts irregular 3-D points into a regular voxel grid for
3-D convolution. VoxNet [15] was an early example, but its
voxel count grows exponentially with point resolution, leading
to high computational and memory redundancy. To address
this, Riegler et al. [31] introduced OctNet, which uses a
multilevel octree structure to store high-resolution point clouds
efficiently. Graham et al. [32] proposed sparse convolutions
that focused only on valid voxels to improve data process-
ing efficiency. Projection regularization methods project 3-D
points onto 2-D planes [33], [34], extract features via 2-D
convolutions, and integrate multiview features with max pool-
ing (MP). Accordingly, TangentConv [35] addressed global
projection-induced point loss by first projecting local neighbor-
hoods onto tangent planes before applying 2-D convolutions.
However, it relies on tangent estimation, inevitably leading
to information folding and systematic errors. These methods
are vulnerable to point occlusion, overlap, and density varia-
tions, resulting in the loss of spatial semantics and geometric
relationships during projection.

B. Point Convolution-Based Methods

To address the limitations of point compression-based
methods, recent studies have introduced approaches that
directly use 3-D point coordinates and associated features.

PointNet [19], a milestone in point cloud DL, primarily aggre-
gated single-point features using shared multilayer perceptrons
(MLPs) and global pooling, but it downplayed the influence
of point density and overlooked local geometric relationships.
To enhance the model’s sensitivity to local geometric features,
PointNet++ [20] incorporated an FPN structure, sampling
the farthest points to obtain centroids and using a query ball
search for multiscale local feature extraction. PointCNN [36]
improved spatial and local information understanding by lin-
early transforming feature weights and potential sequences
of input points using MLPs. Furthermore, PointConv [37]
trained MLPs on local points and applied the weights and
density functions of local points to convolutional kernels,
introducing 3-D continuous convolution that enhanced local
feature aggregation, though it increased kernel complexity
and hindered network convergence. KPConv [18] introduced
kernel point convolutions in Euclidean space, adjusting kernel
focus areas with points within a neighborhood radius, tackling
the limitations of previous 3-D convolutions kernel numbers,
and improving adaptability to local detailed features.

Another method for point neighborhood feature aggregation
uses graph-based CNNs to model the geometric relationships
of local points through graphs. DGCNN [14] constructed
dynamic neighborhoods and aggregated points using sym-
metric functions before extracting features through graph
convolution. Similarly, 3DGCN [38] combined vector and
scalar features of points, aggregating neighborhood points
by transforming relative position vectors. While graph-based
methods improve the accuracy in small-scale tasks, they often
neglect broader spatial relationships, limiting scalability to
large scenes.

C. ViT-Based Methods

In the realm of 3-D vision, the inherent permutation
invariance and rich semantic representation capabilities of
the Transformer have led to the widespread adoption of
point-based Transformer methods for 3-D classification and
segmentation, resulting in significant achievements. These
methods are generally categorized into two types: global point
Transformers and local point Transformers [39].

Global point Transformers [40], [41], [42], [43], [44], [45],
[46] directly model global relationships. The point cloud
Transformer (PCT) [42] integrated spatial positioning of point
clouds with sequential positioning of tokens, enabling global
feature learning through multilevel Transformers. Zhong and
Han [44] introduced a pyramidal structure to capture features
at varying resolutions through farthest point sampling (FPS),
constructing interrelations to facilitate cross-scale interactions,
and modeling global features. However, these methods face
challenges with large-scale outdoor scenes due to high com-
putational cost and memory usage. Robert et al. [43] addressed
this by using superpoints and incorporating sparse self-
attention, but it requires presetting the number of superpoints,
as improper tuning can lead to feature loss and misclassi-
fication. In contrast, Hui et al. [41] integrated the pyramid
PCT (PPT) network, which employed an FPN architecture
and integrated the EdgeConv method for multiscale feature
aggregation using k-nearest neighbor (KNN) graphs.
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Local point Transformers [46], [47] divided the global point
cloud into subsets and focused on extracting local neigh-
borhood features. Point Transformer [47] incorporated vector
attention mechanisms with trainable positional encodings and
employed a KNN graph to amalgamate point subsets with
preceding layer features, enhancing information transfer across
Transformer blocks and ensuring the network’s efficacy in
large-scale scenes. Lai et al. [17] proposed the stratified
Transformer method, which dynamically divided the point
cloud into spatial windows, allowing distant sparse points to
aggregate long-range spatial information. While this method
improves the task accuracy, it increases computational load
due to the substantial linear transformations in multistage
Transformers. Moreover, Wu et al. [28] proposed the CvT,
combining CNNs for local feature modeling with Transformers
for long-sequence relationship modeling, achieving signifi-
cantly greater efficiency than traditional ViT and DeiT in 2-D
visual tasks. Lu et al. [48] extended this approach with the
multiscale 3DCTN framework, showing high performance on
datasets such as ModelNet40 and ScanObjectNN.

D. DL-Based Ground Point Filtering Methods

Recent DL-based ground point filtering methods primarily
focus on point compression and point convolution. However,
Transformer-based methods for ground point filtering remain
unexplored. Yotsumata et al. [49] utilized a voxel-based CNN
approach for filtering ground points in ALS data from forested
areas, but dense voxel compression lost geometric structure
information and the network architecture struggled to cap-
ture point relations. Hu and Yuan [50] applied a windowing
strategy with elevation differences and projected points onto
2-D images for binary classification, while Rizaldy et al. [9]
accelerated computation by projecting points onto multidi-
mensional images in a fully convolutional network (FCN).
Though these methods extract features at multiple scales, they
neglect the spatial structure relationships of the point clouds.
Janssens-Coron and Guilbert [51] applied PointNet to ALS
point clouds from the forest, but its performance in large-scale
feature learning was limited. Furthermore, Krisanski et al. [52]
employed an improved PointNet++ to segment ground points
in densely vegetated forest, and Kada and Kuramin [53]
demonstrated KPConv’s robust performance in large-scale
scenes. In summary, although a few point-based DL methods
show promise, their limited convolutional receptive fields pose
challenges in handling the spatial resolution and construction
of global feature relationships in large-scale ALS point clouds,
particularly in discontinuous complex terrains with covering
dense vegetation.

E. Shallow Neighborhood-Based Point Geometric Features

The unordered raw point cloud data contain significant spa-
tial structure features. Both traditional and DL-based methods
rely on spatial geomatic semantic attributes. For example,
Guerrero et al. [54] proposed a data-driven method using
shallow point neighborhoods with pre-quantified local shape
and structural relationships serving as input features, showing
that learning local normal vectors and surface curvature

improves classification accuracy. Hao et al. [55] incorpo-
rated boundary detection within the model’s shallow layers
to guide supervisory signals and reduce interclass semantic
ambiguity. Cai et al. [10] replaced RGB input with a combi-
nation of point cloud intensity, enhanced elevation, and range
images, showing that pre-quantified local geometric features
can improve segmentation accuracy. Thus, providing rich
shallow local spatial and topological information is essential
for enhancing the model’s ability to capture fine details.

III. METHOD

In this section, we provide a detailed explanation of
the proposed Point-SCT model architecture, which offers a
novel solution for large-scale 3-D point cloud ground filter-
ing through a multilevel hierarchical structure. Specifically,
we focus on the core components of the model, i.e., the
convolution-based MLFA module, the SSwin Transformer
(SST) module, and the upsamling module. Additionally,
we introduce a feature combination tailored for this model
framework.

A. Overview

Fig. 2 shows the workflow of the proposed Point-SCT
network. This framework directly processes raw point clouds
containing coordinates (X, Y , and Z) and derived geomet-
ric features (i.e., boundary detector, curvature, and average
elevation). Point-SCT architecture adopts an encoder–decoder
structure, integrating multiple layers of local feature aggrega-
tion mechanisms, including MLFA modules, RS layers, and
SST modules.

Initially, the stem projection module maps the input point
cloud to a unified high-dimensional feature space using
nonlinear transformations to enhance feature expressiveness.
Subsequently, the projected features are fed into the encoder,
where MLFA and SST asynchronously model the local and
global spatial features of the point cloud within the same
stage. In the MLFA mechanism, high-dimensional neigh-
borhood geometric features of shallow input points are
encoded and embedded to aggregate shallow high-dimensional
local semantic information. Specifically, LGSE encodes and
embeds high-dimensional spatial vectors of the input points’
neighborhood geometric features, enhancing the capture and
aggregation of local spatial features through relative position
encoding, while the DP module conducts unsupervised learn-
ing on the encoded features, dynamically allocating weights
and adaptively optimizing and filtering significant geometric
details of the neighborhood points. The RS layer rapidly
reduces the density of high-dimensional feature vectors, allow-
ing the encoder to effectively balance sampling efficiency with
the preservation of local feature details. LGSE and DP mod-
ules are connected via skip connections, gradually integrating
high-dimensional semantic features while enhancing the per-
ception of local spatial geometric information, and effectively
mitigating the loss of key features caused by RS. Following
the integration of powerful local modeling capabilities from
CNNs, the SST module builds long-term context associations
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Fig. 2. Point-SCT network architecture.

among multiscale spatial feature vectors, achieving a compre-
hensive capture of both local and global feature information.
The decoder adopts a cross-layer linking architecture similar to
FPN, concatenating feature output points corresponding to the
encoder. Layer normalization (LN), linear, and interpolation
operations are applied to aggregate the multiscale feature
vectors extracted by the above modules, capturing extensive
and detailed contextual spatial semantic information. Finally,
the Seg Head layer performs classification prediction on the
upsampled spatial vectors.

In our proposed network, the backbone’s RS has a time
complexity of O(1) with multilevel sampling rates of 1/4,
producing point feature vector sets at each level with car-
dinalities of [N , 1/16N , 1/64N , 1/256N ], where N is the
number of input points. The model achieves a balance among
sampling efficiency, local detail preservation, and effective
global long-range feature association, making it highly suitable
for extracting complex geometric structural features.

B. Multiscale Local Feature Aggregation

The multiscale feature aggregation mechanism primarily
incorporates the LGSE and DP submodules to achieve
high aggregation and optimized retention of local features.
Our sampling mechanism employs efficient RS. However,
as point density becomes increasingly sparse during single-
stage encoding, there is a risk of critical feature loss.
To address this, the stacked design of LGSE and DP in the
MLFA module incorporates two skip connections, as illus-
trated in Fig. 2. These residual connections gradually integrate
surface spatial information with multiscale local features,
thereby expanding the perception of local features and enhanc-
ing information propagation. Additionally, this design allows
the original surface spatial information and neighborhood
geometric relationships to be transmitted into the features after
sampling, mitigating the potential feature loss caused by the
sampling process. Within this mechanism, LGSE focuses on
aggregating the local geometric structure features from the

input high-dimensional spatial vectors, while DP dynamically
retains the feature vector outputs by LGSE.

1) LGSE: Given a set of input points in high-dimensional
space P = {p1, p2, . . . , pi }i=N , where N ∈ R and pi ∈

RN×3, each point carries its original features, i.e., boundary
detector, curvature, and average elevation, forming a feature
set F = { f1, f2, . . . , fi }i=N , with fi ∈ RN×Din and Din
denoting the dimension of input features. To better high-
light the relative spatial positions and geometric relationships
between the central point and its neighboring points, this
module uses a spatial relative position encoding strategy to
aggregate the neighborhood point set of the central point pi ,
thereby facilitating the model’s deep analysis of complex local
feature structures in shallow spatial layers. Specifically, before
applying LGSE, we first define the neighborhood radius based
on Euclidean distance by using KNN to search for neighboring
points for each point in P , obtaining the spatial indices of k
neighboring points corresponding to the central point pi . Next,
we capture the coordinates and features of the neighboring
points pk

n and f k
n using the neighborhood aggregation function

g, as shown in the following equation:{
pk

n = g(P, neighbor I dx), if neigbor I dx ≤ N
f k
n = g(F, neighbor I dx), otherwise.

(1)

Subsequently, we calculate the relative spatial coordinates
and Euclidean distance between the central point pk

i and
its neighboring points pk

n , constructing a position encoding
vector. This vector contains the spatial geometric reference
information between the central point and its neighbors and
is then embedded as a feature vector into the central point,
yielding Epk

i , as shown in the following equation:

Epk
i = Concat

 pi , pk
i ,
(

pi − pk
i

)
n∑

i=0

√(
pi − pk

i

)2
, dim = 1

. (2)

On this basis, we embed the feature vector f k
n , which

carries strong geometric shape information, into the central
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point, resulting in F⃗ = f⃗i = (Epk
i , f k

n )}. LGSE prevents
the gradual weakening or loss of features in sparse point
clouds during multistage encoding. Particularly in spatial point
clouds with locally complex structures, LGSE effectively inte-
grates multidimensional spatial feature vectors with different
structural information, significantly enhancing the nonlinear
mapping capacity of the feature space. This enhancement
enables neurons to precisely capture subtle local geometric
variations and their complex spatial relationships.

2) DP: In most existing point cloud processing meth-
ods [20], [47], a fixed pooling mechanism (i.e., MP) is
typically used to actively retain significant sampled point
features, often requiring specific sampling methods (i.e., FPS).
However, for sparse point clouds and point clouds with
complex geometric structures, fixed pooling often proves
ineffective, leading to information loss and wasted compu-
tational resources. To address this issue, this study proposes
an efficient DP strategy, which integrates an attention neuron
module based on unsupervised learning. This module auto-
matically learns potential local geometric features to allocate
vector weights, achieving effective dilution of high-density
features through weight-based constraints on the feature vec-
tors. Specifically, the DP module receives the coordinates of
the central points from the previous layer and the aggregated
neighborhood geometric feature vector set F⃗ as the input,
with the shape defined as (i, j). The DP module defines
a neuron attention function Attn(·), which does not include
nonlinear activation, mapping the central point feature vectors
to attention weights. Using this attention function and Softmax
operation, the attention distribution matrix Wi j for the feature
vectors is computed from the vector set F⃗ , where each element
of the matrix represents the assigned positive weight wi j ,
as shown in the following equation:

w′

i j = Attn
(

f⃗i
)

+ f⃗i

wi j =
ew′

i j∑
i, j ew′

i j

Wi j =

w11 · · · w1 j
...

. . .
...

wi1 · · · wi j

, i ≤ N and j = D (3)

where w′
i j represents the preliminary measure of the closeness

of the geometric relationship between the central point i
and the neighboring point j in the feature map, and wi j is
normalized using Softmax applied to w′

i j , with D denoting the
sum of the central point’s coordinates (X, Y, and Z) and the
embedded feature vectors. Furthermore, to propagate the con-
straints imposed by the current weights on the features to the
neurons in the next encoding stage, the feature dilution matrix
is processed through the Conv function, yielding the diluted
feature set f̃ = { f̃1, f̃2, . . . , f̃i }i=N , with f̃i ∈ N × Dout and
Dout denoting the dimension of output features, and this is
passed as the input to the next processing unit. The specific (4)
is as follows:

f̃i = Conv

(
N∑
i

Fi j · W T
i j

√
D

)
(4)

where W T
i j represents the transpose of the attention distribu-

tion matrix Wi j , and the function assigns higher scores to
feature units with strong geometric expressions while ignor-
ing low-scoring feature vectors. Additionally, the Conv layer
incorporates ReLU activation units to correct and amplify the
diluted feature attention map, enhancing the expressiveness
of high-scoring features after dilution. This strategy allows
for a more effective perception of the geometric relationships
among neighboring points in subsequent stages while also
reducing the impact of low-scoring noise features on the
feature extraction of downstream spatial self-attention units.

Point-SCT considers the scenario where the input set P
contains any number of necessary feature vector elements.
Thus, the target output f̃ dynamically adjusts Dout based on
the nonfixed Din, enabling the module to handle input data of
varying quantities and scales. More importantly, the developed
model ensures permutation invariance for the input points pi .
Specifically, for any permutation α, the following equation
holds in the above equations’ calculations:

Funcs
(
{p1, p2, . . . , pi }, Wi j

)
= Funcs

(
{pα1, pα2, . . . , pαi }, Wi j

)
(5)

where Funcs performs the operations of the LGSE and DP
modules. This ensures that the output vectors remain consistent
and effective, regardless of the order of input points.

C. Spatial Swin Transformer

Building on the previous module that aggregates local
features, the spatial Swin Transformer further constructs
long-range spatial information links among locally rich geo-
metric features, enabling the learning of global point geometric
features. This module consists of a multihead self-attention
module with an offset operator and an LBR [56] module (e.g.,
Linear, BatchNorm, and ReLU units), as shown in Fig. 3.
This method addresses large-scale and complex point clouds
with a space complexity below O(N 2), surpassing traditional
point-wise or channel-wise learning approaches, where N
denotes the number of input points. The core idea is to adopt
dynamic spatial patches to partition the input spatial feature
vectors into nonoverlapping spatial windows. Each window
has a unique query point that attends to all points within
that window, and every window executes a shared multi-
head self-attention module independently. The outputs from
different windows are subsequently integrated via interactive
operations, thereby effectively capturing global spatial feature
correlations.

Specifically, given a set of sampled feature vectors f̃ as
input, pw

i is defined as the number of feature points within
the i th window, Wsize is the spatial window size, and Ssize
is the window’s sliding offset. The spatial coordinates p f̃ of
the feature points are updated with their discrete mapping
relationships within the window, represented by the matrix
G. Then, the cooperative mapping tensor and feature vector
relations are used to filter the valid mapping indices of
spatially adjacent relationships, which are used to compute
the relative positional bias within the window’s attention. The
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Fig. 3. Structure of the spatial Swin Transformer module.

computation is as follows:

G( f̃ ) =

⌊
p f̃ + Ssize

Wsize

⌋
Im, In =

{
G
(

f̃
)
, p f̃ , pw

i , Wsize
}

(6)

where ⌊·⌋ represents the floor operation to ensure that elements
in the mapping tensor remain integers.

In the i th spatial window, the self-attention proceeds as
follows. First, given the number of heads Hn in the self-
attention mechanism, each with dimension Hd , the query,
key, and value matrices are obtained through learnable linear
projection modules

Q = LinearQ
(

f̃
)

+ bQ

K = LinearK
(

f̃
)

+ bK

V = LinearV
(

f̃
)

+ bV (7)

where Q, K ∈ RN×da , V ∈ RN×db , and da and db are
the dimensions of the query, key, and value vectors, with
b representing the bias terms. Simultaneously, Qm and Kn

are passed into the positional encoding module, where their
actual spatial positions are retrieved by indexing Qm(Im) and
Kn(In). Then, the relative offset vectors 1posmn between them
are computed based on the subtraction relationship, quantized
into discrete plane indices, and ultimately mapped into the
initial bias tensor BQK using a lookup attention bias table.
The specific computation is as follows:

1posmn = Qm(Im) − Kn(In)

BQK (m, n) =

⌊
1posmn + Wsize

δ

⌋
(8)

where Wsize restricts the quantization range of Q and K , and
δ is the quantization scale that ensures that the offset vector
is mapped into a discrete quantized space.

Next, after computing the dot product between Q and K
to obtain the similarity, the relative positional bias BQK is
fused. This bias is converted into a learnable parameter during
training, enabling attention to compute similarity based on
the relative geometric spatial relationships between Q and K .
Through gradient optimization, the distribution of elements
in BQK is iteratively refined. In addition, by specifying the
initial position of Q within K , BQK quickly pinpoints the
range of K that each Q must attend to, avoiding exhaustive

calculations for all Q and K pairs within a window and thus
accelerating the process. Subsequently, a sparse self-attention
module, referred to as offset-attention (OA), is applied to
compute the attention weight distribution for the query points.
It then uses V to reweight and adjust the contributions of the
input features. The specific operation in the i th spatial window
is given by the formula

w̃i, j = Q · K T

wi, j =
w̃i, j
√

da
+ BQK

F̃ i,h =

pw
i∑

j=1

OA
(

ewi, j∑
h ewi,h

)
× V j,h (9)

where w̃i, j represents the attention weight matrix derived from
the dot product between the query and key, and wi, j is formed
by normalizing and adding the bias BQK . In our implementa-
tion, we perform Softmax and OA operations on wi, j,h across
the multiple heads, aggregate along the column dimension,
and finally compute a dot product with the value matrix V
to obtain the aggregated feature F̃ ∈ Rpw

i ×Hn×Hd . Compared
to conventional scalar dot-product attention, this vector-based
approach enhances the model’s capacity to regulate attention
weights on a per-channel basis, making it particularly suitable
for large-scale and complex spatial point cloud structures [42].

Finally, we feed the globally sharpened self-attention feature
F̃ into the LBR network and apply the global input feature f̃
point-wise. The result is then projected to obtain the output
feature map F̃out as follows:

F̃out = LBR
(

F̃
)

+ f̃ . (10)

D. Upsampling Block

As shown in Fig. 2, to address the loss of spatial details in
the input stream F̃out during the upsampling stage, we integrate
the upsampling module with residual connections from the
encoder, thereby enhancing the fusion of multilevel repre-
sentations. Specifically, within the upsampling module, the
feature map F̃out undergoes a LayerNorm followed by a linear
transformation to yield F̃ ′

out, adjusting the output scale and
preventing issues such as gradient vanishing or explosion in
large-scale point cloud training. Subsequently, a KNN-based
interpolation operation is employed to establish the spatial
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mapping relationship between the current stage point cloud
coordinates P̃out and the preceding encoding stage P̃out−1.
Utilizing this spatial mapping, F̃ ′

out is accurately aligned and
mapped to another vector space position of F̃out−1, after
which is fused with the features from the preceding encoding
stage F̃out−1.

E. Shallow Point Feature Augmentation

In most DL studies involving point clouds [23], [39], [57],
RGB is typically used as the direct input feature for model
processing. However, for large-scale ALS point clouds, RGB
data are derived by projecting point clouds onto corresponding
digital images or by integrating them with orthophotos. For
point clouds in complex mountainous areas, this process
inevitably introduces significant noise and calibration errors,
leading to inaccuracies and biases in the RGB data, which
results in unclear boundaries and imprecise predictions of
objects. Furthermore, it is extremely challenging to accurately
capture the semantic features of geometric spatial consistency
through color consistency. To address these issues, this section
introduces the geometric augmented features combination
specifically designed for our model, namely BCE. These shal-
low geometric features replace RGB as input features, proving
effective in enhancing the distinction of features between
points and their adjacent neighbors [10]. Before processing the
first layer of input data, each point is embedded with spatial
geometric features, which enhances the aggregation of local
spatial features.

1) Boundary Detector: This feature can identify the bound-
ary areas between point cloud classes, where homogeneous
points usually align in one direction [55]. We use a
k-dimensional (K-D) tree to find k nearest neighbors, Pk

=

{p1, p2, . . . , p j } j=k for a query point, then apply a Gaussian
kernel function G to compute the relationship between the
average inverse density and k, obtaining the centroid Ci , and
finally calculate the distance d between the centroid and the
center of mass to identify the boundary region Ri as follows:

Ci =
1
k

∑k
j=1 G

(
x j y j z j

)
G(xi yi zi )

Ri = min∥Ci − pi∥. (11)

2) Surface Curvature: For point clouds with complex spa-
tial terrains that include numerous elevations, low-lying areas,
and rough edges, we have utilized principal component analy-
sis (PCAs) to capture the diverse geometric transformations
within the point clouds, allowing the model to more pre-
cisely identify and segment intricate terrain details, which has
been proven effective in existing research [58]. Specifically,
we query k nearest neighbors pi for each point Pk , where all
neighbors are within a finite subset of Euclidean space RN .
We compute the covariance of these neighboring points pi as
follows:

Vi =
1
k

k∑
j=1

((
pi − p j

)
· u
)((

pi − p j
)

· v
)

(12)

where u and v are unit vectors in the inner product space,
with Vi denoting the covariance of pi in the directions of u
and v. Subsequently, we perform eigenvalue decomposition on
the covariance matrix V , obtaining eigenvalues λ1–λ3, (with
λ1 < λ2 < λ3), and calculate curvature δ using (11)

δi =
λ1

λ1 + λ2 + λ3
. (13)

The smaller δ indicates a smoother geometric composition
of pi with its neighborhood, while a larger δ indicates greater
variability.

3) Average Elevation: Elevation is an indispensable feature
in point cloud segmentation tasks. Most DL methods for point
clouds typically focus on incorporating elevation information
only within spatial positioning calculations, often overlooking
the importance of encoding elevation features of the neighbor-
ing points [59]. To tackle this problem, we propose averaging
the elevations of points within neighborhood Pk of pi , thereby
obtaining the average neighborhood elevation Ei as follows:

Ei =
1
k

k∑
j=1

z j (14)

where z j represents the elevation of the j th point about pi .

IV. EXPERIMENT

In this section, we initially provided a detailed intro-
duction to the experiment using Point-SCT for segmenting
ground points from a large-scale mountainous ALS dataset,
including sources, preprocessing, and implementation details.
Subsequently, we selected three representative areas as the
test dataset and conducted comprehensive qualitative and
quantitative analyses to demonstrate the model’s robust-
ness in segmenting ground points in complex environments.
Finally, we conducted ablation studies to further validate the
effectiveness of each component of the proposed framework.

A. Datasets

To ensure the deployment of the Point-SCT model for
large-scale point cloud data in complex terrains and geo-
morphic structures, we selected a mid-to-low mountainous
area in the northwest of Jiangyou City, Sichuan Province,
China, as the study area. This region, characterized mainly by
low and middle mountains, exhibits significant topographical
undulations and complex vegetation environments, as shown
in Fig. 4. We employed the DJI M600 drone equipped with
the SZT-R250 laser scanning system to collect point cloud
data at a flight height of 120 m. During data preprocessing,
we utilized LiDAR360 software for the initial processing of
the point clouds, followed by meticulous manual classifica-
tion and labeling via a moving profile buffer, resulting in a
dataset containing 1 813 506 ground points and 1 933 801 NG
points. To reduce the memory and computational resources
required for each forward pass of the network and to adapt
the network’s receptive field for local feature learning and
stability, we divided the entire terrain into 100 square blocks of
50 m each. Finally, using equations in Section III-D, we calcu-
lated the features necessary for the model’s input dimensions
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Fig. 4. Overview of the study area. (a) Geographical location. (b) DEM
imagery. (c) ALS equipment.

Fig. 5. Cross-sectional profile of Test data (buffer zone 0.9 m).

(X , Y , Z , Ci , δi , Ei ) and divided the data into training,
validation, and test sets in a 7:2:1 ratio.

Additionally, to analyze and evaluate the Point-SCT’s per-
formance in point cloud ground filtering in terrains with
complex geometrical structures and high vegetation coverage,
we selected representative areas within the study area for
testing: a low-lying area with medium vegetation coverage
(Test A), a foot slope (Test B), and a gradually sloping
agroforestry area (Test C), as shown in Fig. 5. Test A, charac-
terized by higher terrain surrounding a lower middle area that
forms a small wetland with dense, low shrubs and trees and
extensive undergrowth, exhibited uneven point density with
46 217 ground points and 53 798 NG points. Test B, a gentle
slope transitioning to a steep incline and heavily vegetated
with tall trees and low vegetation, included 185 914 ground
points and 221 496 NG points. Test C, a gradual slope where
farmland meets natural forest, covered extensively with crops
and trees, consisted of 41 760 ground points and 52 565 NG
points.

B. Implementation Details

1) Parameters: We implemented the Point-SCT model
using the PyTorch DL framework and trained it on an NVIDIA
RTX 3090 GPU for 300 epochs. The AdamW optimizer was
selected for adjusting the model’s weight parameters, with a
weight decay of 0.01 and a momentum of 0.9 The initial
learning rate was set to 0.001, and cosine annealing was
employed to periodically adjust the learning rate. Given the
large volume and uneven density of the outdoor point cloud
data, the batch size and grid size were set to 2 and 0.02,
respectively. To ensure that each spatial sampling window con-
sistently contains enough points during the multilevel encoding
stages while optimizing GPU memory usage and maximizing
performance, the maximum number of input points was capped
at 8000. Additionally, the k-value for nearest neighbor search

was set to 32, the multilevel sampling rate was set to 0.25, and
the spatial window size was set to 4. The depth of the encoding
and sampling stages in this model framework was configured
as [2], [4], and [2], and for a given number of input points N ,
the point feature vector sets generated at each encoding stage
had cardinalities of [N , 1/16N , 1/64N , 1/256N ].

2) Comparative Study: In the current field of DL-based
ALS point cloud processing, there is limited research focused
on ground point filtering in mountainous areas with com-
plex terrain structures and extensive vegetation coverage.
To demonstrate the effectiveness of our method in such
terrains, we selected several state-of-the-art approaches as
comparison methods, including PointNet++, RandLA-Net,
KPConv, Stratified Transformer, Point Transformer, and Point
Transformer V3. We compared the performance of these
models against our Point-SCT on the test dataset. Although
these models have shown excellent performance on previous
indoor and outdoor open-source point cloud dataset, their
effectiveness in mountainous terrains has not yet been val-
idated. Therefore, we followed the official guidelines for
these methods during deployment and conducted fine-tuning
as needed.

3) Metrics: To quantitatively assess the model performance,
we employed standard metrics such as mean accuracy (mAcc),
overall accuracy (OA), and intersection over union (IoU).
Specifically, IoU1 and IoU2 represent the IoU for ground
points and NG points, respectively. Additionally, we evaluated
the model’s efficiency using the size of network parameters
and forward inference time. Furthermore, we performed quali-
tative analysis on three study areas with distinct characteristics,
complementing the quantitative metrics.

C. Experimental Results

We comprehensively evaluated the performance of
several mainstream point convolution-based models, point
Transformer-based models, and Point-SCT in extracting
ground points from the testing datasets A–C. We also
quantified the inference results of each model on each
testing set’s point clouds. Specifically, we visualized the
digital elevation model (DEM) of ground points from the
testing set’s ground truth as the base map and overlaid the
misclassified ground and NG points to qualitatively analyze
the interclass segmentation performance of each model in
varying complex environments.

1) Analysis of Test A: Test A is a typical small low-lying
area where the slope changes drastically at the junction of high
and low lands, resulting in significant undulations in the point
cloud data and highlighting the prominent geometric features
of this area. In the quantitative results of competitive models
in this region shown in Table I, the point Transformer-based
methods achieve higher overall segmentation accuracy than
convolution-based methods. Additionally, as shown in Fig. 6,
Transformer-based methods exhibit relatively fewer misclas-
sified points at the junctions between high and low lands,
mainly due to the Transformer’s advantages in long-distance
feature construction and cross-domain feature association.
Moreover, the lowland area is sparse in ground points due
to water accumulation and extensive weed coverage, and the
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TABLE I
QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE TEST A DATASET (UNIT: %). PARAMS: PARAMETERS. FLOPS: FLOATING-POINT

OPERATIONS. INFER TIME: INFERENCE TIME (s)

Fig. 6. Qualitative analysis of eight comparative methods on Test A (the background is DEM generated by bare ground points).

ground points bear similar characteristics to low vegetation,
reducing the spatial feature differences between points and
their neighbors.

However, RandLA-Net and KPConv exhibit relatively
sparse distributions of misclassified points, demonstrating
the convolution-based methods’ strengths in capturing local
details, though they are somewhat inadequate in handling
long-distance features. Despite PointNet++’s lightweight net-
work and low computational demands, its misclassification
areas are relatively large and exhibit a certain regularity,
mainly concentrated in the depression bottom where weeds
are abundant and in areas with significant terrain changes.

In contrast, Point-SCT enhances feature inputs by incorpo-
rating the original point cloud with the geometric structure
of neighboring points and focuses on capturing local spatial
geometric details and reconstructing long-distance features in
multiple encoding stages. This enables Point-SCT to achieve
the best performance in OA (95.90%), mAcc (95.58%), IoU1
(93.22%), and IoU2 (93.38%) metrics. However, Point-SCT
still exhibits a relatively high number of misclassified points in
waterlogged areas, mainly due to the low heterogeneity in geo-
metric features between the ground points and the surrounding
weeds in low-dimensional space, which causes the point cloud
data to lack effective local contextual geometric information.
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Fig. 7. Qualitative analysis of eight comparative methods on Test B (the background is DEM generated by bare ground points).

TABLE II
QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE TEST B DATASET (UNIT: %). PARAMS: PARAMETERS. FLOPS: FLOATING-POINT

OPERATIONS. INFER TIME: INFERENCE TIME (s)

Despite Point-SCT’s ability to reconstruct long-range features
and focus on local geometric details across multiple encoding
stages, in regions with small local feature differences, the
model may still be limited by insufficient local information,
resulting in misclassification.

Additionally, its superior performance comes at the cost
of extensive network parameter storage and computational
resources.

2) Analysis of Test B: The Test B scenario represents the
foot slope. As shown in Fig. 7, the overall terrain exhibits a
gradual incline; however, certain areas on the left experience
sudden terrain subsidence, resulting in multiple step-like gaps
in the point cloud data and leaving some regions blank. Sparse
high trees are distributed on the gentle slope, while a long, nar-
row road traverses the higher terrain, surrounded by dense low
vegetation. This environment makes the distinction between
ground and NG points increasingly challenging, particularly
in areas with significant slope changes and transitional terrain.

Table II presents the quantitative results of various methods
on this terrain. The Transformer-based methods generally
yield strong performance on evaluation metrics, with fewer
misclassified points. Notably, Point Transformer V3, which
integrates local attention modules based on space-filling curves
and serialized encoding, considers the local relative positions,
angles, and other geometric relationships between points and
their neighborhoods. By incorporating spatial patch interac-
tion techniques, it enhances long-range feature interactions,
achieving optimal performance in ground point segmentation
(IoU1 = 94.09%). However, the model performs subopti-
mal performance in segmenting NG points, particularly in
cross-category boundary areas with dense roadside vegeta-
tion and steep terrain with significant changes, where many
ground and NG points are misclassified. The former issue
may result from system errors accumulated from multiple
airborne scanning that cannot be manually removed, while the
latter involves sparse ground point clouds in stepped areas.
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Fig. 8. Qualitative analysis of eight comparative methods on Test C (the background is DEM generated by bare ground points).

Both issues are compounded by the geometric feature sim-
ilarities between NG points (e.g., grass or low vegetation)
and ground points. Additionally, the local attention mod-
ule constructs neighborhood relationships at a shallow level,
directly passing the weighted aggregated attention feature to
subsequent layers without filtering and readjusting low-weight
feature vectors (e.g., local outliers or points with weak
heterogeneity). This leads to ineffective amplification of
key feature information or inaccurate aggregation. Other
Transformer-based models also struggle with capturing small
local geometric differences. In contrast, Point-SCT directly
constructs features in the shallow layers of the network using
complex neighborhood geometric relationships as guidance,
aggregates and dilutes multiscale features through MLFA,
and enables cross-window information exchange via SST.
This approach effectively captures fine-grained local fea-
tures in complex regions, achieving the best performance
in NG point segmentation (IoU2 = 94.20%). Conversely,
point convolution-based methods face significant challenges,
particularly in vegetated stepped terrains, due to their limi-
tations in capturing global features, resulting in widespread
misclassification.

3) Analysis of Test C: The Test C scenario represents an
agroforestry area, where the terrain is sharply divided by
steep slopes, creating two distinct stepped surfaces. As shown
in Fig. 8, the lower left side is an agricultural area, while
the upper right side consists of woodland and low vegetation,
contrasting with relatively sparse bare ground points.

According to the quantitative results in Table III,
RandLA-Net demonstrates impressive performance despite its

lightweight network and minimal computational requirements.
In the agricultural area, the density distribution of misclassified
points by RandLA-Net and KPConv exhibits a distinct pattern,
primarily concentrated in the uneven ground between crop
rows and at the ends of crop leaves. This highlights the
vulnerability of point convolution methods, which rely on local
neighborhood features, to performance degradation in regions
with extreme density variations. In contrast, Transformer-
based methods show a more sparse and evenly distributed
pattern of global misclassification points. However, both Point
Transformer V3 and Point Transformer struggle in areas with
extensive mixed high and low vegetation coverage, leading to
a significant number of misclassified NG points, particularly
in regions with marked slope changes. Point-SCT integrates
the advantages of point convolution in capturing local spa-
tial details with the Transformer’s ability to reconstruct and
associate global long-range features, achieving leading results
across various accuracy metrics. Particularly in areas with
significant slope changes, Point-SCT exhibits sparse misclas-
sification points, showing excellent generalization capabilities.
However, this comes with the tradeoff of higher network
parameter storage (28.19 MB) and computational resource
usage (26.42 GB).

D. Ablation Study

1) Ablation of Features Input: To explore the reliability
and effectiveness of replacing the RGB input with the pro-
posed geometric augmented feature combination (i.e., BCE)
in the Point-SCT, we conducted performance validation on the
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TABLE III
QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE TEST C DATASET (UNIT: %). PARAMS: PARAMETERS. FLOPS: FLOATING-POINT

OPERATIONS. INFER TIME: INFERENCE TIME

TABLE IV
PERFORMANCE OF DIFFERENT FEATURE COMBINATIONS AS INPUTS TO

POINT-SCT ON THE TEST A DATASET

Test A, characterized by relatively sparse point clouds but with
significant and complex terrain variations. We evaluated the
performance of Point-SCT using three different input feature
combinations: 1) spatial coordinates XYZ only; 2) XYZ +

RGB; and 3) XYZ + BCE. The experimental results are
presented in Table IV.

Table IV indicates that the proposed BCE, which is
based on neighborhood geometric spatial features, significantly
improves the performance of point cloud ground filtering
in complex terrains compared to using RGB as the feature
input. This enhancement is attributed to the fact that these
features capture the relative geometric relationships and phys-
ical information of points within their spatial neighborhood,
directly improving the efficiency of feature learning and the
model’s understanding of spatial variations. Specifically, the
boundary detector aids the model in identifying fault lines or
edges with steep slope changes. Meanwhile, surface curva-
ture provides crucial information about surface deformation
at shallow network layers, and average elevation effectively
assists the model in learning terrain features based on elevation
changes.

2) Ablation of Network and Sampling Strategy: To further
investigate the impact of LGSE and DP modules in the
multiscale feature aggregation module on overall performance,
we dynamically froze each module in the Point-SCT net-
work. Given the MLP’s similarity to arbitrary continuous
functions, we replaced the LGSE and DP modules with
MLPs and conventional MP and combined them with SST.
Additionally, we conducted cross-sectional visualizations of
the results for each module combination on Test A to quali-
tatively evaluate their semantic perception capabilities when
capturing the complex and intricate topological structures

characteristic of mountainous terrains. Finally, we selected two
representative heuristic sampling strategies, FPS and inverse
density importance sampling (IDIS) and compared them with
the RS strategy employed in the model. We validated the
effect of these module combinations and sampling strategies
on the overall performance of the model using the Test A
dataset.

Table V and Fig. 9. show that after freezing the LGSE
and DP module layers, the performance improvement is not
significant when compared to the KNN + SST configuration
after introducing MLP and MP. Specifically, in areas with
abundant low-lying vegetation on flat terrain, the ground point
segmentation performance is not notably improved, especially
in mixed high and low vegetation regions, where it is difficult
to extract ground points. However, with the addition of the
DP module, the mIoU improves by 2.85%, highlighting the
DP module’s effectiveness in selectively retaining significant
spatial feature relationships. In regions with mixed high and
low vegetation, ground point extraction is notably enhanced.
After introducing the LGSE module, Point-SCT becomes
more sensitive to intricate and geometrically similar inter-
class perceptions, resulting in a significant improvement in
ground point segmentation performance in complex vegetation
areas. While the combination of LGSE and MP is more
lightweight in terms of network parameters and computa-
tional resources, the combination of LGSE and DP achieves
the best results in terms of accuracy. This underscores the
importance of high-density spatial geometric feature vector
capture and selective dilution strategies in complex terrain
scenarios.

Table VI shows that under the experimental setup with
a single GPU and the Test A dataset (around 105 points),
both FPS and IDIS sampling strategies introduce no additional
parameters. However, due to their higher time complexi-
ties O(N 2) and O(N log N ), the computational overhead (in
FLOPs) increases by approximately 0.05 and 0.01 GB com-
pared to the RS strategy. Consequently, the number of points
processed per second decreases significantly from 108 (RS) to
approximately 104 (FPS) and 105 (IDIS). Thus, in large-scale
training and deployment scenarios, it is essential to balance
the choice of sampling strategy with both model accuracy and
computational efficiency to avoid unnecessary computational
overhead.
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TABLE V
PERFORMANCE OF KEY MODULE COMBINATIONS IN THE POINT-SCT NETWORK ON THE TEST A DATASET

TABLE VI
PERFORMANCE OF DIFFERENT SAMPLING STRATEGIES IN THE POINT-SCT NETWORK ON THE TEST A DATASET. TC: TIME COMPLEXITY

Fig. 9. Visualization of geometric detail capture performance of different module combinations in Point-SCT on Test A.

3) Ablation of K-Value and Spatial Window Size: Following
the verification of the reliability and effectiveness of our
proposed modules, we explored the impact of k-values and
window sizes on the performance of Point-SCT due to

the model’s implementation of the KNN and the introduc-
tion of spatial shifted windows in SST. These adaptations
primarily concern the model’s learnable range of point
neighborhoods.
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Fig. 10. Qualitative analysis of five comparative methods on the STPLs3D dataset.

TABLE VII
PERFORMANCE OF DIFFERENT K -VALUES ON POINT-SCT ON THE

TEST A DATASET

TABLE VIII
PERFORMANCE OF DIFFERENT WINDOW SIZES ON POINT-SCT ON

THE TEST A DATASET

In Table VII, k-values of 4, 8, 16, and 32 were employed for
BCE features and nearest neighboring points searches within
the model. The results indicate stable performance at k-values
of 8, 16, and 32, demonstrating robustness to variations within
a certain neighborhood range. A decrease in performance
metrics at a k-value of 4 suggests an inadequate expression
of geometric features due to a smaller neighborhood search
range.

In Table VIII, window sizes (Win Size) of 2, 4, 8, and
16 were adjusted to explore spatial relationships within Point-
SCT. Performance metrics were similar for window sizes of
4 and 8, with optimal results at a size of 4. This indicates
that appropriate adjustments in window size are sufficient for
the model to construct and generalize more complex spatial
relationships. However, a setting of 16 exceeded the memory

capacity available on our current hardware, and thus, results
could not be provided. These ablation studies were conducted
solely on the Test A dataset to guide parameter settings for
unknown datasets.

E. Generalization Study

To evaluate the generalization ability of Point-SCT on the
cross-scenario dataset, we conducted generalization exper-
iments on the STPLs3D dataset [60]. STPLs3D is a
high-density ALS point cloud dataset consisting of four
real-world large-scale outdoor scenes: USC, WMSC, OCCC,
and RA. In the experimental benchmark setup, we selected
RandLA-Net as the representative point convolution-based
method for its superior performance, as well as three
Transformer-based methods, with the RA scene as the test
set.

As shown in Table IX and Fig. 10, the segmentation
results for the Fence and Car classes are suboptimal across
all models, primarily due to the relatively low point density
for these classes compared to others. Additionally, the Fence
class is extensively intertwined with the Tree class, and the
Car class is sparsely distributed, further complicating seg-
mentation. However, Point Transformer V3, which integrates
neighborhood-relative geometric relationships and long-range
semantic associations, achieved superior results in the Car cat-
egory, with an accuracy of 79.17%. Moreover, the geometric
shapes of Light Poles and Trees are highly similar, leading
to segmentation errors in the pole areas. In contrast, the point
convolution-based RandLA-Net yielded more stable results for
these classes, demonstrating the convolution’s robust ability to
capture local geometric semantics. Point-SCT, which combines
convolution-based local geometric feature aggregation with
global long-range relational modeling, achieved well-balanced
and excellent overall segmentation results, with an mIoU of
81.56% and OA of 96.89%. This performance underscores its
exceptional generalization capability.
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TABLE IX
QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE STPLS3D DATASET (UNIT: %)

V. CONCLUSION

In this article, we propose Point-SCT, a novel point
cloud ground filtering model that synergistically combines
point convolutions and spatial shifted window Transformer
within a multiscale hierarchical architecture. Utilizing an
encoder–decoder structure as its core architecture, Point-SCT
integrates the powerful local spatial feature perception capabil-
ities of convolution with the global context modeling abilities
of Transformers. This dual approach renders Point-SCT excep-
tionally effective in handling ground filtering tasks across
large-scale remote sensing scenarios characterized by complex
terrain variations, geological structures, and vegetation envi-
ronments. In local spatial feature learning, we have developed
a convolution-based MLFA module, consisting of the LGSE
and DP strategies. For global feature learning, we employ the
spatial Swin Transformer to establish long-range associations
and enhance the high-weight feature vectors after sampling.
Additionally, we have innovated a shallow enhancement
feature combination, BCE, based on the spatial relation-
ship of neighborhoods. Finally, Point-SCT was applied to
ground point filtering tasks within complex mountainous
terrain scenarios, with comprehensive quantitative and qual-
itative analyses undertaken. Furthermore, when benchmarked
against contemporary state-of-the-art models across Test A–C
datasets, Point-SCT achieved top-tier OA scores of 95.9%,
95.79%, and 95.90%, demonstrating its superior segmentation
accuracy and underscoring its robustness in complex remote
sensing scenarios.

Future Work: We will further explore pruning, quan-
tization, and distillation techniques for the Point-SCT to
balance computational complexity with performance, thereby
facilitating the lightweight deployment of the model. Simul-
taneously, we will apply the Point-SCT to a broader range of
cross-scenario datasets to continually enhance its generaliza-
tion capability. Additionally, in the visualization of results for
complex mountainous point cloud filtering tasks, we aim to
improve and refine the representation of 3-D effects in a flat
and intuitive manner, which will be a key focus of our future
research.
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