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ABSTRACT  
Accurate extraction of ground points from LiDAR point clouds provides important data 
for understanding terrain changes and supports decision-making in ecological disaster 
prevention. Recently, deep learning models have been used to process point clouds 
directly, with a focus on semantic segmentation of urban scenes using RGB features. 
However, in complex terrains, using point cloud images to generate RGB features 
often introduces noise, making high-precision ground point extraction a difficult task. 
This paper presents a new point-based semantic segmentation network, Multi- 
KPConv, to overcome these challenges. Unlike methods that rely on color point 
clouds, Multi-KPConv uses shallow features based on domain knowledge as input to 
the network. The network employs a multi-dimensional kernel point convolutional 
architecture to extract high-level semantic features, allowing for better data 
interpretation. Additionally, the SimAM 3D attention mechanism is integrated to 
adaptively refine feature contributions and highlight important point features. We 
evaluate Multi-KPConv on datasets from the Dafosi mining area in China’s Loess 
Plateau and the STPLS3D dataset. Experimental results show that Multi-KPConv 
outperforms current state-of-the-art models in terms of generalization and robustness, 
effectively extracting ground points in complex terrain, such as the gully areas of the 
Loess Plateau.
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1. Introduction

Airborne Laser Scanning (ALS) has seen rapid development in recent years, enabling quick, efficient, and 
accurate acquisition of the Earth’s surface information. Employing ALS to obtain reliable ground point 
clouds under complex geomorphology provides a crucial foundation for geologic disaster monitoring, 
environmental protection, and related activities (Wang 2017). The Loess Plateau of China, one of the largest 
loess landform regions in the world, features unique and complex topography and is confronted with severe 
issues of desertification, soil erosion, and coal mining subsidence (Liu et al. 2020; Wu et al. 2020). Utilizing 
ALS to acquire ground point clouds of complex terrain can play a pivotal role in monitoring and restoring 
ecological environments.

Since the original ALS point cloud comprises both ground and non-ground components such as veg
etation, buildings, and noise, it is necessary to mitigate the influence of non-ground points when using 
ALS data to quantify land surface structure. In applications of ALS point clouds across various fields, the 
critical step involves obtaining ground points from the point cloud (Yang et al. 2023). The traditional 
ground point extraction methods usually employ various filtering algorithms to remove non-ground points. 
Based on the algorithm’s characteristics, these can be categorized into slope-based methods (Susaki 2012; 
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Yang, Zhang, and Li 2017), mathematical morphology methods (Balado et al. 2020; Hui et al. 2016), seg
mentation-based methods (Chen, Xu, and Gao 2016), and progressive triangulation techniques (Chen et 
al. 2023; Quan et al. 2017). However, in the Loess Plateau, characterized by its complex terrain, the broken 
terrain and the surface’s intricate vertical and horizontal gully patterns pose significant challenges. The 
diversity of natural geographical conditions renders traditional filtering methods less adaptive, tends to 
cause significant misclassifications in challenging areas and necessitating extensive manual refinement.

With the rapid advancement of artificial intelligence technology, deep learning (DL) has been widely 
applied to computer vision tasks such as image classification (Li et al. 2019), object detection (Luo et al. 
2023), and semantic segmentation (Hao, Zhou, and Guo 2020). However, these methods cannot be directly 
applied to 3D point clouds due to their fundamentally distinct data formats. Various methods have been 
proposed to solve this problem. Early point cloud classification methods converted irregular point clouds 
into regular 3D meshes (images, voxels or grids), on which 3DConvNets (Qi et al. 2016) were applied to 
mitigate the effects of characteristics such as point cloud disorder, uneven density and high data redun
dancy. However, the sparsity of the point cloud leads to a strictly limited mesh resolution, and the feature 
extraction of 3D convolutional kernels also results in an exponential growth of computational costs.

In recent years, DL-based models that directly utilize point clouds as inputs have garnered increased 
attention (Hu et al. 2020; Qi et al. 2017a, 2017b; Thomas et al. 2019), and these approaches more effectively 
preserve the geometric structural information of point clouds. It is worth noting that most of the current 
deep learning-based point cloud semantic segmentation studies primarily focus on urban environments, 
such as indoor scenes and streets, and use RGB as auxiliary features input (Aditya et al. 2024; Cao et al. 
2025). In this context, the objective of this paper is to employ DL-based approaches for the intelligent 
point clouds filtering, specifically to filter ground and non-ground points in sparse and discrete point 
clouds. However, research on natural regions such as the Loess Plateau remains scarce, which is character
ized by complex topography, dramatic geomorphic undulations, and extensive vegetation cover (Tang and 
Yang 2023). In such areas, UAV-based optical images are often significantly affected by non-uniform illu
mination and shadows (Kushwaha et al. 2023). During the fusion of point cloud and image, the extraction of 
RGB features depends heavily on both image quality and point cloud alignment accuracy, which is prone to 
introducing unstable information due to alignment errors and illumination differences, make it unable to 
ensure that semantic spatial consistency can be captured through color consistency information (Jing et al. 
2021). Although RGB information is often used as an auxiliary feature to enhance semantic segmentation 
performance in urban scenes, its regional validity is difficult to maintain consistency in complex natural 
environments. In addition, the current mainstream DL-based segmentation models are supervised learning 
frameworks, whose core objective is to robustly capture object’s spatial consistency and semantic consist
ency and assign appropriate weight scores to these features (Du et al. 2024; Wang et al. 2019). The effec
tiveness of this process relies on the differential representation between the geometric features of object’s 
categories and the spatial semantic information, as well as the effective mining of the geometric relation
ships between the input points and their neighborhoods to provide spatially supervised guidance signals 
for the model (Engelmann et al. 2019). To this end, in this paper, starting from modeling local spatial geo
metric relationships in point clouds, we propose replacing the RGB input with a combination of geometric 
features to enhance the model’s representation of fine-grained geometric variations. Additionally, the accu
racy of DL-based classification depends on the number and diversity of training samples, which poses a 
challenge to applied to sparse ALS point cloud filtering, as ALS-acquired point clouds exhibit sparse distri
butions in regions with steep and complex landscapes. The main contributions of this study are as follows: 

(1) We propose a Multi-KPConv model for processing LiDAR point clouds in complex terrain and design a 
multi-dimensional integrated kernel point convolution for multi-level learning to obtain reliable 
ground point clouds in geomorphologically complex regions, thereby achieving intelligent point clouds 
filtering.

(2) For sparse point clouds, we propose an effective shallow features combination derived from a data-dri
ven synthesis of neighbor domain knowledge, to enhance the representation of typical landforms at the 
input feature level, and integrate these with deep features to enhance the network’s capability to extract 
multi-dimensional integrated semantic features from ALS point clouds.
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(3) This study introduces a 3D parameter-free attention mechanism, SimAm, to enable the redistribution 
of feature weights and complementary fusion, thereby highlighting important features, suppressing 
noise interference, and enhancing the accuracy of ground point extraction.

2. Related work

With the widespread application of deep learning in 2D images, numerous researchers have extended its 
applications to 3D point cloud semantic segmentation. This section provides a succinct overview of existing 
shallow feature applications and deep learning methods.

2.1. Classification of point clouds based on shallow features

Given the disorder, varying densities, and non-uniform distribution of point clouds, extracting high-pre
cision ground points from complex scenes remains a significant challenge. The conventional approach 
involves using point neighborhood information, calculating specific geometric features between points, 
and leveraging local spatial context information for point cloud classification. In shallow feature-based 
3D scene analysis, feature extraction and selection are essential for classification (Xiao et al. 2023). Guo 
et al. employed 26 diverse features, including intensity information, echo times, and geometric shape, as 
supplementary attributes for point cloud classification using the JointBoost classifier. However, due to 
the broad feature set, the process of feature extraction resulted in significant time consumption (Guo et 
al. 2015). Machine learning-based classifiers independently label each point based on local features, omit
ting semantic information from neighboring points. Consequently, this method frequently introduces sig
nificant classification noise in complex scenes (Weinmann et al. 2015). Kuprowski et al. suggested 
incorporating geometric features, elevation data, and laser reflection characteristics into a machine learning 
algorithm to improve the accuracy of classifying power supply line point clouds by distinguishing between 
ground and building points (Kuprowski and Drozda 2023). The study by Joseph-Rivlin et al. focused on 
indoor point clouds, introducing the first and second moments as polynomial inputs for a deep learning 
model. They analyzed the significance of geometric moments in characterizing the shape of 3D point 
clouds, proposing incorporating polynomial functions into deep learning models to enhance the efficiency 
and accuracy of point cloud classification (Joseph-Rivlin, Zvirin, and Kimmel 2019). Hsu et al. integrated 
shallow features into the PointNet model, demonstrating that combining shallow features with deep learn
ing models can improve classification accuracy for urban scene point clouds (Hsu and Zhuang 2020). The 
selection of effective features plays a crucial role in enhancing classification accuracy. Therefore, we employ 
high-order moments, surface curvature, and mean elevation as input features for the Multi-KPConv to 
aggregate high-level features that more effectively capture the local detailed geometric structure of surfaces.

2.2. Point cloud classification based on deep learning

With the increasing adoption of ALS technology, 3D point clouds are increasingly utilized in ecological 
environment monitoring, urban planning, autonomous vehicle driving, mapping, and other domains. 
This section provides a succinct overview of existing models for semantic segmentation of point clouds, 
covering methods based on multi-view methods, voxelization techniques, Transformer networks, and 
point-based methodologies.

2.2.1. Multi-view-based methods
Multi-view based methods projects the point cloud to a 2D plane, processing it using a 2D convolutional 
neural network, and subsequently maps the result back to 3D data to achieve the semantic segmentation 
of the original point cloud (Boulch, Saux, and Audebert 2017; Qin, Hu, and Dai 2018; Wang, Wang, and 
Cai 2022). Su et al. were the first to propose an image-based MultiView Convolutional Neural Networks, 
demonstrating that 2D views can provide significant information for 3D shape recognition (Su et al. 
2015). However, the method applies a pooling operation on each view, which may result in the loss of 
local information of each view. To address this issue, Feng et al. proposed to group feature descriptors 
of different views based on feature similarity, which strengthens the connection of different visual features 
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and improves the segmentation accuracy of the point cloud (Feng et al. 2018). Lawin et al. proposed that 
different modal features are complementary in semantic segmentation tasks, and that fusing these features 
through a 2D-CNN network architecture can significantly improve the segmentation performance (Lawin 
et al. 2017). For scene segmentation, the advantage of the aforementioned methods is that they can directly 
utilize the developed and mature 2D neural networks, but such methods in the ground point extraction task, 
the occlusion, undulation and viewpoint changes in the point cloud seriously affect the projection results, 
resulting in poor semantic consistency. In addition, the multi-view projection is prone to lose the ground 
continuity information, which affects the classification accuracy, especially in the Loess Plateau region with 
significant terrain undulations and complex feature structures.

2.2.2. Voxel-based methods
The voxel-based approach relies on the representation of image pixels by segmenting the 3D space and 
introducing spatial dependencies into the point cloud data, transforming the point cloud into a regular 
voxel representation (Ben-Shabat, Lindenbaum, and Fischer 2018; Maturana and Scherer 2015; Roynard, 
Deschaud, and Goulette 2018). Finally, feature learning is achieved using 3D convolution to assign all points 
within each voxel the same category label as the current voxel. Voxelization alleviates the disordered and 
unstructured problem of point clouds to some extent. MATURANA et al. were the first to propose the 
use of voxels for semantic segmentation of point clouds and designed the semantic segmentation model 
VoxNet (Maturana and Scherer 2015). This method voxelizes the point cloud, learns the features using 
Volumetric CNN network, and outputs the segmentation results. However, the sparsity of voxels and partial 
loss of spatial information lead to unsatisfactory segmentation results. TCHAPMI et al. proposed the SEG
Cloud model integrated 3D fully convolutional network, trilinear interpolation, and Fully-Connected Con
ditional Random Fields (FC-CRF), achieving the fine segmentation(Tchapmi et al. 2017). In addition. Some 
studies have used 3D fully convolutional neural networks to learn multi-scale voxel information as a way to 
mitigate the problem of partial information loss, but the choice of voxel size affects the final segmentation 
results (Roynard, Deschaud, and Goulette 2018; Ye, Xu, and Cao 2020). Although these methods achieve 
better segmentation results, for sparse terrain point clouds, the small number of voxel interior points 
leads to insufficient information representation, and the voxel averaging process at the boundary points 
of ground and non-ground is prone to confusion. Furthermore, the choice of voxel size significantly impacts 
accuracy and computational overhead. Smaller voxels improve the accuracy but at the cost of higher mem
ory and time consumption, which limits the efficiency of their application in large-scale natural terrain.

2.2.3. Transformer-based methods
Transformer utilizes Multi-Head Self-Attention (MSA) to establish model attention, enabling the model to 
filter and learn the most important information. Additionally, Transformer provides more stable outputs 
when the input point cloud undergoes substitution or rigid body transformation (Lai et al. 2022; Wang, 
Chakraborty, and Yu 2022). Engel et al. employed Point Transformer to extract local and global features, 
linking the two representations by introducing an attention mechanism (Engel, Belagiannis, and Dietmayer 
2021). In ground point extraction tasks, it has the advantage of perceiving a broader range of spatial depen
dencies, which aids in recognizing ground points in occluded or edge features. However, the main issue with 
Transformer is its high consumption of computational resources, particularly when processing large-scale, 
high-density point clouds, coupled with low training and inference efficiency. This limitation hinders its 
engineering deployment for rapid ground point extraction tasks.

2.2.4. Point-based methods
Point-based methods can directly process point cloud data without the need for additional data conversion, 
preserving the original information of the point cloud (Atzmon, Maron, and Lipman 2018; Chiang et al. 
2019; Engelmann, Kontogianni, and Leibe 2020). PointNet uses a multilayer perceptron (MLP) to map 
low-dimensional features of the point cloud to high-dimensional features, followed by aggregation of the 
global features through a pooling function (Qi et al. 2017a). A series of methods have emerged based on 
this approach, such as the point-by-point MLP method(Boulch 2020; Fan et al. 2021; Hermosilla et al. 
2018; Li et al. 2018; Wang et al. 2018). However, such methods only capture global information and struggle 
to handle fine-grained differences in complex landscapes. To address this, Qi et al. sampled and regionally 
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divided the point cloud, utilizing PointNet for feature extraction in each small region (Qi et al. 2017b). 
However, this widely used framework still suffers from stability issues when handling unevenly distributed 
and sparse regions, despite introducing local structure modeling. Additionally, it is sensitive to the number 
of input points, which makes it challenging to adapt to the scale differences across various terrain regions. 
Moreover, recurrent neural network-based (Ye et al. 2018; Zhao, Liu, and Ramani 2019), point convolution 
methods (Engelmann, Kontogianni, and Leibe 2020; Hua, Tran, and Yeung 2018; Lei, Akhtar, and Mian 
2019; Thomas et al. 2019), and graph-based methods (Phan et al. 2018; Zhang et al. 2020) are widely 
used in point cloud semantic segmentation. Among these deep learning methods, the KPConv point con
volution method, which utilizes a geometric kernel for point-by-point convolution of the original point 
cloud, achieves excellent results in semantic segmentation of large urban ALS datasets and outperforms tra
ditional deep learning methods such as PointNet++, voxel-based, and multi-view-based approaches. In 
ground point extraction, it can more effectively distinguish surface and non-surface structures by capturing 
local undulation features of the terrain, making it especially suitable for scenes with drastic changes in geo
morphology, such as the Loess Plateau. Considering the overall performance, we have chosen to use the 
KPConv kernel function to extract advanced features of the point cloud.

3. Method

3.1. Shallow features extraction

In point cloud deep learning models, RGB features are commonly employed as additional input. To obtain 
RGB information, ALS point clouds require overlaying with images. However, in environments like the 
Loess Plateau of China, where the terrain is furrowed and geometrically complex, overlaying point clouds 
with images from various data sources can lead to significant noise due to object occlusion and issues with 
geometrical alignment. Therefore, this paper proposes a suite of shallow point cloud features specifically 
designed for complex terrain, conceived from domain-specific expertise. By fully utilizing the information 
in the dataset, we augment the feature input to the convolutional layer, enabling the network to learn com
prehensive and context-aware information for performance improvement. The following subsections will 
detail the proposed combination of shallow features, including average elevation, surface curvature, and 
higher-order moments.

3.1.1. Average elevation
ALS data contains a significant number of non-ground points, where points at the interface with the ground 
are usually prone to misclassification. To address this issue, we utilize the mean elevation within a local 
region as the classification feature, thereby enhancing the spatial relationships among neighboring point 
clouds. Typically, the weighted average method is employed to calculate the elevation mean, assigning 
weights according to the elevation disparity between laser points and nadir points. Points exhibiting greater 
deviation from the minimum elevation are assigned higher weights, whereas those with lesser deviation 
receive lower weights. The weight function is calculated using Equation (1), while the mean elevation is 
derived using Equation (2). In these equations, Pi represents the weight assigned to each point, Zave denotes 
the average elevation of all point clouds in the local area, Zmax represents the maximum elevation value 
within that area, and Zmin represents the minimum elevation value within that area.

Pi =
Zi − Zmin

Zmax − Zmin
(1) 

Zave =

􏽐n

i=1
(Zi · Pi)

􏽐n

i=1
Pi

(2) 

3.1.2. Surface curvature
For steep landforms in complex terrain, this paper utilizes the surface curvature metrics of the point cloud 
to characterize the undulation conditions of the points on the surface. Surface curvature is a significant 
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attribute of point clouds, with numerous studies demonstrating its positive influence on point cloud classifi
cation (Demantké et al. 2012; Lalonde et al. 2006; Yang and Dong 2013). For each point Pi in the point 
cloud, identify its nearest k points, and compute the local plane P using the least squares method for 
these points; the plane P can be expressed as equation (3).

P n→ , d
􏼐 􏼑

= arg min
n
→

,d
( 􏼁

􏽘k

i=1
n→ ·Pi − d
􏼐 􏼑2

(3) 

where n represents the normal vector of plane P, and d denotes the distance from plane P to the coordinate 
origin, the covariance matrix M is computed from the points on surface P, as delineated in Equation (4).

M =
1
k

􏽘k

i=1
( pi − p0)( pi − p0)T (4) 

Eigenvalue decomposition of the covariance matrix M is performed to determine each eigenvalue of M. If 
the eigenvalues satisfy the condition l0 , l1 , l2, then the surface curvature of point P is given by 
Equation (5).

d =
l0

l0 + l1 + l2
(5) 

where a smaller d signifies a flatter neighborhood, while a larger d suggests a more varied neighborhood 
characterized by undulations.

3.1.3. Higher-order moment
For complex landscapes such as landslides and terraces, this paper utilizes geometric moments as additional 
inputs to enable the network to take into account higher-order moments of complex terrain. Previous 
studies have demonstrated the advantages of higher-order moment features in addressing the problem of 
insufficient feature extraction, enabling the network to automatically learn additional effective features 
(Benouini et al. 2019; Li and Shen 1991). Joseph-Rivlin et al. demonstrated that using higher-order 
moments as inputs to individual hidden units enables the network to extract higher-order features without 
necessitating large memory resources (Joseph-Rivlin, Zvirin, and Kimmel 2019). Neural networks require 
numerous weights and network layers to compute geometric moments, necessitating substantial compu
tational resources. Therefore, we approximate the polynomial function of the input point cloud using 
the powers (x2, y2, z2, xy, xz, yz) as additional features, leveraging the model’s ability to process the 
point cloud and reduce time complexity.

Figure 1. Multi-dimensional integrated kernel point convolution model architecture.
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3.2. Multi-dimensional integrated kernel point convolution model

In Figure 1, we propose a multi-dimensional integrated kernel point convolution model based on an enco
der-decoder structure for point cloud segmentation tasks. The model utilizes xyz coordinates and shallow 
features of the point cloud as inputs. The encoder network comprises five layers of convolutional modules, 
each containing two convolutional blocks, with each block including one attention block. The structure of 
the convolutional blocks resembles Bottleneck ResNet blocks (He et al. 2015), utilizing Multi-KPConv in 
place of traditional image convolution.

Multi-KPConv leverages the concept of grouped convolution in image processing, utilizing multi-branch 
kernel point convolution to extract multi-level features of the point cloud. The input features are initially 
mapped from [n, 11] to [n, d] using a linear function, aiming to enhance the feature diversity and infor
mation content of the point cloud while improving the model’s expressive capacity and performance. Sub
sequently, the multi-dimensional grouped convolution of the point cloud [n, d] is performed to achieve the 
transformations and aggregations of the features. Point convolution is defined by Equation (6), where xi 
represents the point in P [ RN×3, fi corresponds to the feature in F [ RN×D, Nx denotes the spherical radius 
neighborhood Nx = {xi [ P|‖xi − x‖ ≤ r}, and g(w) represents the kernel function. Employing spherical 
neighborhoods enables the network to more effectively learn shallow features with enhanced robustness 
in point cloud regions of varying densities (Thomas et al. 2019, 2018). The definition of the kernel function 
is crucial in point convolution. In this paper, we propose a multimodal kernel function g(w), defined by 
Equation (7), with the specific computational flow illustrated in Figure 2.

(F ∗ g)(x) =
􏽐

xi[N§

g(w)(xi − x)fi (6) 

g(w) =
􏽘m

j=1
wju(j) (7) 

Figure 2. Flow of multi-dimensional integrated kernel function calculation.
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where w = [w1, w2, . . . , wm], wj represents the weight of the j-th dimension, 
􏽐m

j=1
wj = 1 denotes a weight 

sum of 1, and u(j) represents the feature vector of the j-th dimension.
The multi-dimensional integrated kernel function g(w) enables the neural network to adaptively tune the 

receptive field based on the multiple-dimensional features of the input. Although only three dimensions are 
shown in Figure 2, this method is readily extendable to multiple branches. For a specific shallow feature, the 
feature is extracted using the kernel point g as defined in KPConv (Thomas et al. 2019), which directly uti
lizes the positional relationship between x and its neighboring point xi as input. The defining equation is 
presented below:

g(yi) =
􏽘

k,K
h(yi, x̃k)Wk (8) 

where yi = xi − x denotes the relative position of the sampled point to its neighboring points; x̃k represents 
the kernel points, and k denotes the maximum number of kernel points, defined by the operator; Wk rep
resents the weight matrix, mapping features from the input dimensions to the specified output dimensions; 
h denotes the correlation between Δx and x̃k.

Building on the multi-dimensional feature map, we have developed an information fusion method uti
lizing a gating mechanism, enabling the neural network to automatically adjust the receptive field size 
according to the scene. This method facilitates dynamic adjustments of the receptive field by controlling 
the information flow into various branches in the subsequent convolutional layer, thereby assigning varied 
weights to each kernel point. To ensure the gate fully integrates the information from all modalities, we 
employ an element-by-element summation strategy for data fusion, yielding the feature map U. Further
more, we perform global average pooling on the feature map U to embed the global characteristics of 
the point cloud and generate feature-wise statistical data C, formatted as a one-dimensional array c. The 
detailed formulation is presented below.

U = Ũ + Û + Ǔ (9) 

C = F gp(U) =
1
n

􏽘n

i=1
Ud(i) (10) 

In order to strengthen the feature connection between shallow features, such as higher-order moments and 
surface curvature, this paper derives more useful features by calculating the information interaction between 
channels in the feature map. First, the feature map of array c is reshaped to [1, c], and then the feature map is 
input into a one-dimensional convolutional layer to calculate the local dependency information between each 
channel and its k neighboring channels. Second, by transposing and reshaping, the channel order of the fea
ture map is randomly rearranged to obtain features of dimension [1, c]. Thus, a distant channel before dis
ruption may become a neighboring channel, and more global dependencies are obtained after inputting 
the features into the next convolutional layer. Finally, the features of dimension [1, c] are flattened to form 
array c, and the corresponding multidimensional branches are recovered by a fully connected layer to obtain 
the multidimensional integrated augmented features Z after channel interaction.

Guided by the enhanced feature descriptor Z, the soft attention mechanism is employed to derive 
dynamic parameters, enabling the model to focus on critical regions and adaptively select information 
from various dimensions. ac, bc, and dc represent the dynamic weight matrices of Ũ, Û, and Ǔ, respectively, 
corresponding to the weights of the fusion ratio matrices for the features of different receptive fields. These 
matrices are continuously adjusted and optimized during network training. The calculation formula is pre
sented in Equation (11-12).

softmax(Acz, Bcz, Dcz) =
eAcz

eAcz + eBcz + eDcz ,
eBcz

eAcz + eDcz + eDcz ,
eDcz

eAcz + eBcz + eDcz

􏼒 􏼓

(11) 

(ac, bc, dc) = softmax(Acz, Bcz, Dcz) (12) 

where A, B, D [ R, Ac denotes the cth column of A, Bc denotes the c-th column of B, and Dc denotes the c- 
th column of D.
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During the feature fusion stage, unlike the simple pixel-level summation used to integrate multi-dimen
sional features, this paper employs adaptive multi-dimensional feature integration to achieve efficient fusion 
of diverse features. Specifically, it involves multiplying the features of different modalities by the corre
sponding learnable weights and adding the skip-connected initial eigenvalues F to obtain the final fused 
feature S, which is computed as follows.

S = BN ac × Ũ + bc × Û + dc × Ǔ
( 􏼁

+ fmp(BN(F)), where ac + bc + dc = 1 (13) 

The feature S continuously increases the effective receptive field of each point as the dynamic parameters 
change, retaining most of the effective information and improving the performance of ground point classifi
cation. Additionally, to train the model stably, the SimAM attention network (Yang et al. 2021) from 
computer vision is introduced to enhance the characterization ability of the multi-dimensional integrated 
kernel point convolution, enabling it to extract more distinguishable and consistent features.

The enhanced features will be referred to as S̃.

e∗t =
4(ŝ2 + l)

(t − m)2 + 2s2 + 2l
(14) 

S̃ = Sigmoid
1
E

􏼒 􏼓

⊙ S (15) 

.
where m and s2 represent the mean and variance, respectively, of all neurons excluding t, e∗t represents 

the minimum energy function. S represents the input feature, ⊙ denotes the Hadamard product operation, 
E is the energy function applied to each channel, and the Sigmoid function limits any excessive values in E.

The SimAM module is integrated following a multi-dimensional integrated kernel point convolution 
module to facilitate a comprehensive assessment of both spatial location features and channel information, 
without the addition of extra parameters. By focusing specifically on key neurons, the network’s feature 
extraction capabilities and training speed are enhanced.

4. Experiments and analyses

4.1. Dataset

4.1.1. Overview of the study area
In this paper, the Dafosi coal mine in the Loess Plateau of Xianyang City, Shaanxi Province, China, is 
selected as the study object. The study area is situated in the north of Xianyang City, Shaanxi Province, 
China, at the confluence of Binzhou City and Changwu County, with geographic coordinates ranging 
from longitude 107°49’40” to 108°01’00” East and latitude 35°00’00” to 35°05’00” North. As illustrated in 
Figure 3, the area encompasses complex terrain, including hills, gullies, terraces, collapses, and landslides. 
The raw point cloud data were acquired using a DJI M600 drone equipped with an SZT-R250 airborne laser 
measurement system, flying at an altitude of 120 meters and achieving a point density of 60 points per 
square meter.

4.1.2. Test Set Creation
This study evaluates the Multi-KPConv model’s ability to extract ground points using six point cloud 
samples of varying geomorphological features, which were not included in the training set. The test sets 
were categorized using the methods in the Data Preprocessing section. Figure 4 shows the top view and 
profile of each test set. Test set (a) represents a loess gully with sparse vegetation, containing 36,837 ground 
and 48,233 non-ground points at 44 points per square meter. Test set (b) covers a loess gully with dense 
vegetation, with 58,386 ground and 63,236 non-ground points, showing non-uniform density due to veg
etation. Test set (c) includes a loess gully with broken terrain and dense vegetation, holding 57,079 ground 
and 97,519 non-ground points with uneven density. Test set (d) is a convex slope area with dense veg
etation, containing 66,542 ground and 69,811 non-ground points, with uneven density. Test set (e) covers 
a sparsely vegetated convex slope with 103,229 ground and 102,949 non-ground points at 86 points per 
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Figure 3. Overview of the study area.

Figure 4. Point cloud topography of the test set.
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square meter. Test set (f) represents an ascending slope with simple topography, containing 73,446 ground 
and 122,012 non-ground points at 100 points per square meter.4.2 Implementation.

4.1.3. Baseline
For comparative analysis, we selected established methods from the literature, adapted them for 3D terrain 
scene recognition, and employed them as a baseline. In this study, the Multi-KPConv model is compared 
with PointNet++ (Qi et al. 2017b), RandLA-Net (Hu et al. 2020), SCF-Net (Fan et al. 2021), Point Trans
former (Engel, Belagiannis, and Dietmayer 2021), Stratified Transformer (Lai et al. 2022) and SPoTransfor
mer (Park et al. 2023) to assess performance differences in extracting ground point cloud data. Although 
these models perform satisfactorily in point cloud semantic segmentation tasks, their adaptability to 
large-scale LiDAR datasets, particularly those with loess hilly and gully characteristics, has not been empiri
cally validated. Additionally, this paper employs the traditional Cloth Simulation Filtering (CSF) algorithm 
(Zhang et al. 2016) alongside the Improved Progressive TIN Densification (IPTD) algorithm (Zhao et al. 
2016) for ground point filtering, and these are analyzed relative to other methods discussed herein. All 
methods are implemented as per the original authors’ specifications, with hyperparameters and model par
ameters fine-tuned according to the officially prescribed tuning schemes.

4.1.4. Evaluation Criteria
To quantitatively assess the model’s accuracy, this study employs formulas (16-21) for evaluation. Here, 
IoU1 and IoU2 represent the intersection-over-union ratios for non-ground points and ground points, 
respectively. OA denotes the overall accuracy as the proportion of correctly classified samples relative to 
the total sample count. Kappa indicates the accuracy and consistency of the classification model, while 
MCC represents the Matthews correlation coefficient.

IoU1 =
TP1

TP1 + FP1 + FP2
(16) 

IoU2 =
TP2

TP2 + FP2 + FP1
(17) 

OA =
TP1 + TP2

TP1 + FP1 + TP2 + FP2
(18) 

Kappa =
OA − Pe

1 − Pe
(19) 

Pe =
(TP1 + FP2)× (TP1 + FP1)+ (TP2 + FP1)× (TP2 + FP2)

(TP1 + FP1 + TP2 + FP2)2 (20) 

MCC =
TP1 × TP2 − FP1 × FP2

���������������������������������������������������������������
(TP1 + FP1)× (TP1 + FP2)× (TP2 + FP1)× (TP2 + FP2)
√ (21) 

where TP1 and TP2 are the numbers of correctly predicted non-ground and ground points, respectively, and 
FP1 and FP2 represent the numbers of incorrectly predicted non-ground and ground points, respectively.

4.2. Experimental results

In this section, we quantitatively evaluate the ground point cloud extraction performance of the Multi- 
KPConv model along with nine other deep learning models across the specified test sets (test set (a) to test 
set (f)), according to Equations (16-21). Simultaneously, the effectiveness of ground point extraction by 
each model, under various landforms, is qualitatively analyzed through the visualization of error point clouds.

4.2.1. Analysis of Test(a) and Test(b) results
Table 1 illustrates the quantitative analysis results. The Stratified Transformer achieves the highest accuracy 
in the evaluation metric IoU1 (95.80) in Test(a), while the SPoTransformer demonstrates excellent 
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performance in the evaluation metric IoU2 (95.21). The performance of CSF, IPTD, PointNet++, and SCF- 
Net degrades in the Test(b) scenario, suggesting that these models lack sufficient adaptability to complex 
terrain. Figures 5 and 6 present the qualitative analysis results. The misclassified point cloud points of Point
Net++ are primarily distributed in the gully area. In Test(a), IPTD, RandLA-Net and SCF-Net misclassify a 
large number of non-ground points as ground points, while in Test(b), the misclassified points are mainly 
located in the terrace area. Conversely, CSF and Point Transformer misclassifies a large number of ground 
points as non-ground points, resulting in sparse ground points. The SPoTransformer with Multi-KPConv 
exhibits relatively few misclassified points in both Test(a) and Test(b) scenarios, with no obvious distri
bution pattern, and demonstrates high classification accuracy. Multi-KPConv demonstrates a more sub
stantial improvement in accuracy compared to KPConv.

4.2.2. Analysis of Test(c) and Test(d) results
Table 2 presents the quantitative results. In Test(c), the Multi-KPConv model exhibits excellent perform
ance across all evaluation indices, achieving accuracies of 90.51% in IoU2 and 91.84% in MCC, 

Table 1. Quantitative evaluation results of the six methods in Test(a) and Test(b) (unit: %).

Model

Test(a) Test(b)

IoU1 IoU2 Kappa OA MCC IoU1 IoU2 Kappa OA MCC

CSF 75.55 65.48 65.34 83.30 65.86 71.88 69.83 65.88 82.97 65.89
IPTD 81.09 71.98 73.45 87.27 74.48 79.32 77.42 75.74 87.90 75.78
PointNet++ 87.22 85.71 84.72 92.07 85.81 85.59 84.21 84.09 90.06 84.11
RandLA-Net 92.44 90.62 91.16 95.63 91.30 88.68 88.71 88.03 94.01 88.19
SCF-Net 93.02 91.30 91.84 95.97 91.95 87.99 88.43 87.51 93.74 87.92
Point Transformer 94.57 92.48 93.31 96.75 93.46 91.53 90.68 90.70 95.35 90.77
Stratified Transformer 95.80 92.77 94.22 96.15 94.22 92.57 91.37 92.18 96.09 92.21
SPoTransformer 95.49 95.21 94.85 96.95 95.42 92.42 92.18 91.99 95.99 92.02
KPConv 92.21 89.70 90.52 95.36 90.53 89.16 88.54 88.19 94.10 88.19
Multi-KPConv 95.50 94.41 94.87 96.97 94.87 92.83 92.62 92.45 96.22 92.48

Figure 5. Qualitative analysis of the six methods in Test(a) (The extracted bare ground is shown in the background.).
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demonstrating its high classification accuracy and consistency. The Stratified Transformer model achieves 
an overall accuracy (OA) of 95.83%, the highest correct classification rate among the models. In Test(d), the 
Multi-KPConv model outperforms others, particularly in the Kappa and OA metrics, with scores of 92.73% 
and 96.36%, highlighting the model’s high reliability and accuracy. The Stratified Transformer model excels 
in the IoU1 and MCC metrics, at 92.83% and 92.56%, respectively. The SPoTransformer and Stratified 
Transformer models excel in the IoU1 and MCC metrics, while the remaining models underperform in sev
eral metrics.

Figures 7 and 8 display the results of the qualitative analysis; a significant number of misclassifications 
occur in CSF and IPTD, with their accuracy being lower than that of other deep learning models. Most of 
the misclassification points in PointNet++, RandLA-Net, and Point Transformer involve over-segmenta
tion; that is, they excessively focus on certain categories, resulting in a category imbalance. SCF-Net, Stra
tified Transformer, and SPoTransformer misclassified a large number of non-ground points (i.e. vegetation 
points) in the map as ground points. In the gully area, the lush vegetation and lack of RGB information 
caused the high-density vegetation point cloud to appear highly similar in character to the slopes, leading 

Figure 6. Qualitative analysis of the six methods in Test(b) (The extracted bare ground is shown in the background.).

Table 2. Quantitative evaluation results of the six methods in Test(c) and Test(d) (unit: %).

Model

Test (c) Test (d)

IoU1 IoU2 Kappa OA MCC IoU1 IoU2 Kappa OA MCC

CSF 79.98 68.59 70.29 86.07 70.56 76.21 75.83 72.76 86.38 72.79
IPTD 83.54 75.29 76.93 89.04 76.95 81.78 79.84 78.79 89.42 78.96
PointNet++ 88.68 80.62 83.29 92.30 83.53 85.55 84.43 83.77 91.90 83.82
RandLA-Net 89.11 84.19 85.67 93.11 85.86 86.51 87.09 85.91 92.94 86.34
SCF-Net 91.37 87.27 88.69 94.58 88.83 88.86 89.28 88.46 94.22 88.85
Point Transformer 92.45 87.65 89.50 95.08 89.61 90.44 89.41 89.40 94.71 89.53
Stratified Transformer 93.34 88.98 91.29 95.83 91.36 92.83 90.71 92.50 96.25 92.56
SPoTransformer 92.05 88.22 89.61 95.02 89.73 92.65 92.45 92.26 96.13 92.30
KPConv 92.47 87.83 89.61 95.12 89.67 90.12 89.81 89.44 94.72 89.45
Multi-KPConv 93.72 90.51 91.78 95.37 91.84 93.04 92.92 92.73 96.36 92.78
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to the model misclassifications. Multi-KPConv, by incorporating shallow features and utilizing multi- 
dimensional integrated kernel point convolution approaches to separately extract multiple receptive 
fields, learns global features through larger receptive fields and local features through smaller ones. This 
enables the model to accurately identify different types of point clouds. Consequently, Multi-KPConv 
can accurately discriminate between vegetation and slope points, enhancing the model’s classification 
accuracy.

Figure 7. Qualitative analysis of the six methods in Test(c) (The extracted bare ground is shown in the background.).

Table 3. Quantitative evaluation results of the six methods in Test(e) and Test(f) (unit: %).

Model

Test (e) Test (f)

IoU1 IoU2 Kappa OA MCC IoU1 IoU2 Kappa OA MCC

CSF 87.79 67.67 74.41 90.27 75.90 77.62 81.35 77.35 88.68 78.94
IPTD 88.96 74.09 79.28 91.61 79.34 82.57 81.17 80.09 90.05 80.41
PointNet++ 85.55 84.43 83.77 91.90 83.82 84.12 85.16 83.38 91.70 83.60
RandLA-Net 86.51 87.09 85.91 92.94 86.34 88.71 87.80 87.54 93.77 87.86
SCF-Net 88.86 89.28 88.46 94.22 88.85 89.91 90.71 89.83 94.92 90.16
Point Transformer 90.44 89.41 89.40 94.71 89.53 90.32 90.41 89.87 94.94 89.87
Stratified Transformer 92.03 90.21 92.50 95.25 92.36 92.17 91.26 92.18 95.14 92.28
SPoTransformer 94.43 91.64 93.82 96.43 92.84 91.83 91.57 91.34 95.67 91.40
KPConv 94.23 86.15 89.59 95.76 89.62 84.64 86.06 84.23 92.12 84.68
Multi-KPConv 96.61 92.04 94.13 97.56 94.15 92.75 92.71 92.46 96.23 92.46

14 C. ZHU ET AL.



4.2.3. Analysis of Test(e) and Test(f) results
Table 3 compares model performance using IoU1, IoU2, Kappa, OA, and MCC metrics. CSF, IPTD, Point
Net++, RandLA-Net, KPConv, and SCF-Net show lower accuracy, while other models perform better. 
Figures 9 and 10 show that Multi-KPConv performs well in classifying difficult slope terrains, though 
some misclassification errors remain. In Figure 10, only the lowest elevation points are labeled as ground 
due to undulating terrain. For flat terrains, points within 1–3 cm above the lowest elevation are also labeled 
as ground. However, the model only predicts the lowest points as ground, leading to errors in labeling 
ground points as non-ground. In Test(f)’s flat terrain, all models show more misclassifications. Multi- 
KPConv maintains higher accuracy thanks to its 3D attention mechanism, which improves key feature rep
resentation and reduces the impact of complex scenes.

5. Discussions

5.1. Comparative analysis with the current most popular methods

As evidenced by Tables 1–3, the traditional filtering algorithm is consistently less accurate than the other 
deep learning models across all test sets. A reliable ground point cloud is crucial for applications such as 

Figure 8. Qualitative analysis of the six methods in Test(d) (The extracted bare ground is shown in the background.).
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geohazard monitoring and environmental protection. Consequently, this study evaluates the performance 
improvements of Multi-KPConv over the comparative model in terms of OA and ground point IoU. In 
Test(a), IoU and OA were enhanced by 0–28.93% and 0.02%–13.67%, respectively. Similar gains were 
observed in subsequent tests: in Test(b) improvements ranged from 0.44%–22.79% for IoU and from 
0.13%–13.25% for OA; in Test(c), from 1.53%–21.92% and from 0.24%–9.3%, respectively; in Test(d), 
from 0.47%–17.09% and from 0.11%–9.98%; in Test(e), from 0.4%–24.37% and from 1.13%–7.29%; and 
in Test(f), from 1.14%–11.54% and from 0.56%–7.55%. Compared to other point cloud semantic segmenta
tion models, Multi-KPConv consistently outperforms in nearly all evaluation metrics.

The results in Figure 5 through 10 indicate that current mainstream deep learning models tend to over
emphasize a specific category, leading to numerous misclassified points in the test set, categorized either as 
ground or non-ground points. For example, in Figure 1, RandlaNet incorrectly classified many non-ground 
points as ground, whereas in Figure 10, as the scene shifted, it misclassified numerous ground points as non- 
ground. The comparative models struggle to capture the point cloud features of complex objects both com
prehensively and accurately. This paper’s method enhances the capture of subtle local spatial information by 
integrating shallow features, expanding the effective receptive field of each point through multi-dimensional 
kernel points, incorporating a three-dimensional feature attention mechanism, and preventing excessive 
focus on a single feature class. This approach not only surpasses other models in almost all metrics but 
also robustly extracts ground point clouds.

Figure 9. Qualitative analysis of the six methods in Test(e) (The extracted bare ground is shown in the background.).
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5.2. Large scale complex terrain model testing

To further verify the applicability and robustness of the proposed method under multiple complex terrain 
conditions, a large-scale test scenario encompassing various typical landforms (including terrains such as 
ravines, slopes, and terraces from Test(a) to Test(f)) is constructed, and ground point extraction exper
iments are conducted in this scenario. Meanwhile, to assess the advantages of this paper’s method in 
terms of accuracy improvement, Stratified Transformer and SPoTransformer, which perform excellently 
in small scenes, are selected as comparative models and compared with the Multi-KPConv method pro
posed in this paper.

As shown in Table 4, the proposed method Multi-KPConv achieves optimal performance across all 
evaluation metrics, with IoU1 and IoU2 reaching 94.48% and 91.67%, respectively, significantly outperform
ing Stratified Transformer (92.36%, 87.65%) and SPoTransformer (92.96%, 88.56%). In terms of the Kappa 
coefficient and MCC, Multi-KPConv achieves 92.27% and 92.28%, respectively, which represent significant 
improvements compared to other methods. Additionally, the method proposed in this paper achieves an 
OA of 96.41%, outperforming the comparison models with 95.05% and 95.44%, respectively. The qualitative 
comparison results of the various methods in the ground point extraction task are further demonstrated in 

Table 4. Ground point extraction results for a wide range of complex terrain.
Model IoU1 IoU2 Kappa OA MCC

Stratified Transformer 92.36 87.65 89.45 95.05 89.48
SPoTransformer 92.96 88.56 90.29 95.44 90.32
Multi-KPConv 94.48 91.67 92.27 96.41 92.28

Figure 10. Qualitative analysis of the six methods in Test(f) (The extracted bare ground is shown in the background.).
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the large-scale, complex terrain scene shown in Figure 11. It can be observed that Stratified Transformer and 
SPoTransformer have a significant number of red misclassified points in regions with dense gullies and con
siderable slope undulations, indicating that these methods are prone to ground point omission in areas with 
high terrain complexity and irregular point cloud density distribution. Furthermore, there are more black mis
classified points in localized areas, indicating that the model misidentifies non-ground points when dealing 
with areas featuring severe feature occlusion or high contrast vegetation. In contrast, the Multi-KPConv 
method proposed in this paper demonstrates superior classification performance in this scenario. The number 
of red and black misclassified points in the figure is significantly reduced, with a sparser spatial distribution 
and clearer boundaries, reflecting the method’s stronger ability in geometric feature modeling and classifi
cation robustness under irregular geomorphic structures and dense vegetation interference. These results 
fully demonstrate that Multi-KPConv exhibits stronger ground point recognition capability and higher accu
racy robustness when handling large-scale and complex terrain conditions. It effectively adapts to diverse ter
rain and non-uniform point cloud distribution scenarios, showcasing strong generalization performance.

5.3. Ablation experiment

To investigate the effectiveness of Multi-KPConv, we conducted a series of ablation experiments in Test(c) 
and Test(d), where the point cloud is relatively sparse, and the terrain is the most complex: Multi- 

Figure 11. Results of qualitative analysis of large-scale complex terrain.

Table 5. Results of ablation experiments

Model

Test(c) Test(d)

IoU1 IoU2 Kappa OA MCC IoU1 IoU2 Kappa OA MCC

Multi-KPConvPC 92.60 89.66 89.58 95.15 89.63 91.55 90.52 90.36 94.52 89.39
Multi-KPConvAH 92.63 89.71 89.60 95.17 89.68 91.55 90.54 90.37 94.53 89.41
Multi-KPConvSC 92.65 89.73 89.63 95.20 89.71 91.59 90.57 90.41 94.61 89.46
Multi-KPConvHM 92.65 89.79 89.66 95.31 89.68 91.60 90.56 90.38 94.58 89.45
Multi-KPConvRGB 92.40 89.52 89.57 95.12 89.55 91.75 90.67 90.54 94.64 89.51
Multi-KPConvSA 92.96 89.81 90.76 95.38 90.83 92.24 92.10 91.85 95.32 91.91
Multi-KPConvKP 91.29 86.18 88.02 94.35 88.04 89.90 89.81 89.31 94.35 89.38
Our 93.72 90.51 91.78 96.07 91.84 93.04 92.92 92.73 96.36 92.78
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KPConvPC is a model that only inputs point coordinates to validate the effectiveness of the overall shallow 
features; Multi-KPConvAH is a model that only inputs point coordinates with mean elevation to verify the 
effectiveness of the mean elevation feature; Multi-KPConvSC is a model that only inputs point coordinates 
and surface curvature to verify the effectiveness of the surface curvature feature; Multi-KPConvHM is a 
model that only inputs point coordinates and higher-order moments to verify the effectiveness of the 
higher-order moments feature; Multi-KPConvRGB is a model that only inputs point coordinates and 
RGB features to verify the effectiveness of the RGB feature in complex terrain; Multi-KPConvSA is a 
model that omits the SimAM 3D attention module to verify the effectiveness of the attention mechanism, 
while Multi-KPConvKP uses the original KPConv to extract high-level semantic features instead of Multi- 
KPConv, verifying the effectiveness of Multi-KPConv.

Table 5 presents the results of the ablation experiments calculated according to Eqs. (20-25). In different 
geomorphic regions, introducing geometric relationship-based features in the shallow layer of the network 
effectively improves ground point extraction accuracy. Specifically, when the proposed enhanced features, 
based on different geometric relations constructed in the neighborhood, are combined and input, the OA 
improves by approximately 0.92%–1.84%, and the ground point extraction accuracy improves by about 
0.85%–2.4%. This quantitative analysis demonstrates that neighborhood-based geometric relation embed
ding enhances the geometric semantic representation of sparse point clouds, allowing the model to mine 
and capture effective geometric information more effectively. Notably, the mean elevation, surface curva
ture, and higher-order moment features consistently enhance model performance across different terrain 
conditions. However, due to differences in their geometric construction relationships, the model’s enhance
ment may vary from feature to feature.

In the ablation with RGB features, we find that OA is ineffective in Test(c) but superior in Test(d). This 
phenomenon is attributed to various factors, including the complexity of the terrain structure, vegetation 
cover features, point cloud density distribution, and the stability of RGB feature expression. Test set (c) 
represents the Loess Plateau ravine geomorphology area, characterized by dramatic topographic vari
ations and deep, intertwined ravines, resulting in an uneven distribution of laser point clouds. The geo
metric structure of local neighborhoods is unstable, which severely interferes with the model’s ability to 
perceive topographic features and learn classification boundaries. Moreover, the region is densely vege
tated, heavily shaded, and experiences significant lighting variations, resulting in numerous shadows and 
reflective areas in the RGB image. This weakens the expressiveness of optical features and may introduce 
pseudo-differences. This unstructured and unstable optical information easily misleads the depth model, 
reducing the effectiveness of RGB and geometric feature fusion. In contrast, although test set (d) is also 
densely vegetated, its geomorphology is a continuous, regular convex slope with gentle terrain changes. 
While the point cloud density remains inhomogeneous, the overall spatial consistency is stronger, and 
the model is more likely to extract stable geometric structural features. Additionally, the RGB features 
in this region are less affected by occlusion and illumination, with relatively clear target boundaries, mak
ing the RGB and point cloud geometric features more complementary and improving the model’s overall 
recognition ability. In the Loess Plateau region, where ravine terrain predominates, the use of RGB fea
tures introduces errors. However, the shallow features proposed in this paper effectively address this 
challenge.

The addition of the SimAM 3D attention module improves ground point extraction accuracy (IoU2) by 
0.7%–0.82% and OA by 0.69%–1.04%. SimAM calculates dynamic feature weights by learning the corre
lation information between channels and space, highlighting important features while suppressing the 
interference of irrelevant ones. After adding Multi-KPConv, ground point extraction accuracy (IoU2) 
improves by 3.11%–4.33%, OA improves by 1.72%–2.1%, and Kappa improves by 3.42%–3.76%. Compared 
to the original KPConv, Multi-KPConv captures more contextual information through different sensory 
fields, enabling multilevel feature learning and improving the model’s accuracy and consistency.

5.4. The analysis of generalization

To validate the generalization capability of Multi-KPConv, we performed a generalization assessment on 
the STPLS3D dataset (Chen et al. 2022). The dataset comprises a diverse and high-density urban point 
cloud, covering an area of approximately 1.27 square kilometers and is intended to serve as benchmark 
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data for deep learning semantic and instance segmentation. Consequently, it is utilized in this study for test
ing model generalization. In this paper, the real-world USC, WMSC, and OCCC sections of the STPLS3D 
dataset are used as the training set, and RA is used as the test set. RandLA-Net, SCF-Net, Point Transformer, 
Stratified Transformer, and SPoTransformer are selected as the models for the comparative analysis. The 
point cloud is divided into six categories for model training: ‘Ground’ (32.15%), ‘Building’ (40.35%), 
‘Tree’ (25.38%), ‘Car’ (1.08%), ‘Light pole’ (0.18%), and ‘Fence’ (0.85%). The corresponding point cloud 
classification results are shown in Table 6. Our method outperforms the comparative models in mIoU 
and OA across all categories, with the IoU exceeding 90% for Ground, Building, and Tree. From Table 6
and Figure 12, it is evident that the Transformer-based model exhibits a classification imbalance in the cat
egory ‘Fence’. Compared to other methods, Multi-KPConv achieves higher accuracy with a smaller dataset 
and demonstrates strong generalization capabilities.

Figure 12. Classification results based on the STPLS3D dataset.

Table 6. Classification results based on STPLS3D dataset.

Model mIoU(%) OA(%)

Per Class IoU(%)

Ground Building Tree Car Light pole Fence

RandLA-Net 68.81 90.68 89.46 88.26 79.23 71.81 58.52 25.58
SCF-Net 69.03 90.86 89.06 88.3 79.91 75.39 44.91 36.61
Point Transformer 58.92 87.26 90.03 85.92 81.36 38.28 48.36 9.54
Stratified Transformer 61.12 88.37 90.76 87.52 81.53 44.39 49.86 12.65
SPoTransformer 63.60 90.38 90.94 88.64 87.40 46.71 49.57 18.34
Our 87.19 96.12 94.41 95.01 90.19 88.15 79.92 75.48
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6. Conclusion

To accurately extract ground points from complex terrain point clouds, this study introduces Multi-KPConv, a 
novel point cloud semantic segmentation network. Given the complex topography of the Loess Plateau, directly 
assigning RGB information to the point clouds introduces significant noise. Consequently, this study integrates 
domain knowledge and designs shallow features to enrich the initial data input to the convolutional layers, 
thereby enhancing the network’s capacity to learn more comprehensive and detailed contextual information 
and improve performance. Subsequently, multi-dimensional integrated kernel point convolution is employed 
to extract high-level semantic features from various receptive fields, enhancing the algorithm’s understanding of 
essential data features, reducing overfitting risks, and improving generalization capabilities. Ultimately, the 
SimAM 3D attention network is incorporated to emphasize important features within the 3D scene, mitigate 
environmental interference, and enhance the model’s object localization and feature expression capabilities, 
thereby increasing the accuracy of ground point cloud segmentation. Quantitative and qualitative analyses 
from Test(a) to Test(f) demonstrate that the method described in this paper surpasses prevalent point cloud 
semantic segmentation methods, positioning Multi-KPConv as a novel approach for intelligent point cloud 
filtering in complex terrains like the Loess Plateau.
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