[image: Frontiers Logo]LiDAR point cloud down-sampling strategy with multi-dimensional membership fusion

ORIGINAL RESEARCH
published: 13 February 2026
doi: 10.3389/fphy.2026.1780345
[image: image2]
LiDAR point cloud down-sampling strategy with multi-dimensional membership fusion
Xue Cao1, Zhongqi Feng2 and Weiwei Mao1,3,4*
1School of Intelligent Science and Information Engineering, Xi’an Peihua University, Xi’an, China, 2Xi’an Institute of Applied Optics, Xi’an, China, 3School of Electro-Mechanical Engineering, Xidian University, Xi’an, China, 4Department of Electrical and Computer Engineering, The University of British Columbia, Vancouver, BC, Canada
Edited by:
Huadan Zheng, Jinan University, China
Reviewed by:
Yinghua Shen, Chongqing University, China
Bo Sun, Taiyuan University of Technology, China
*Correspondence:
 Weiwei Mao, weiweimao@stu.xidian.edu.cn
Received: 04 January 2026
Accepted: 04 February 2026
Published: 13 February 2026
Citation:
Cao X, Feng Z and Mao W (2026) LiDAR point cloud down-sampling strategy with multi-dimensional membership fusion. Front. Phys. 14:1780345. doi: 10.3389/fphy.2026.1780345
This study devises an innovative LiDAR point cloud down-sampling strategy that capitalizes on the properties of Fuzzy C Means (FCM) clustering membership functions in each dimension. Traditional down-sampling methods frequently encounter difficulties in striking a balance between computational efficiency and feature preservation, particularly for large-scale datasets. To tackle this issue, our approach breaks down the three-dimensional simplification problem into independent one-dimensional analyses. Specifically, FCM clustering is carried out separately on the X, Y, and Z coordinates to generate dimension-wise membership functions. These functions are then intelligently integrated to calculate comprehensive importance scores for each point, facilitating adaptive sampling that eliminates redundant data while retaining critical geometric features. Experimental results demonstrate that our method outperforms conventional approaches, including voxel grid, random, and farthest point sampling, in terms of geometric fidelity. The proposed method shows strong potential for real-time applications involving large-scale point clouds in fields such as autonomous driving, robotic navigation, and 3D reconstruction.
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1 INTRODUCTION
Light Detection And Ranging (LiDAR) point cloud data has become increasingly prevalent in various applications including autonomous vehicles, robotics, augmented reality, and digital preservation [1]. These data, often acquired through LiDAR scanners or structured light systems, typically contain millions to billions of points, presenting significant challenges for storage, transmission, and processing [2–5]. Effective point cloud down-sampling (simplification) algorithms are therefore essential for practical applications. Existing simplification methods can be broadly categorized into several types: geometry-based methods (such as Curvature-aware Sampling, CS), grid-based methods (like Voxel Grid down-sampling, VG), clustering-based approaches, and learning-based techniques [6]. While each category has its strengths, most suffer from either high computational complexity or inadequate feature preservation, particularly when dealing with complex geometric structures [7].
Early point cloud simplification techniques primarily focused on spatial uniformity [8]. Random Sampling (RS) provides the simplest approach but often fails to preserve important geometric features [9]. VG down-sampling offers improved uniformity but tends to smooth sharp features and edges [10]. CS methods address this limitation by prioritizing areas with high geometric variation, though they require expensive normal and curvature estimations [11]. Clustering methods group spatially proximate points and select representative points from each cluster. K-means and DBSCAN have been widely used, but they typically operate in the full three-dimensional space, resulting in high computational costs for large datasets [12]. Some approaches have explored hierarchical clustering to reduce complexity, but these often sacrifice feature preservation at fine scales [13].
Recent advances in deep learning have led to point cloud simplification networks that learn task-specific importance metrics. While promising, these methods require extensive training data and computational resources, limiting their applicability in resource-constrained environments [14–19]. Fuzzy C-Means (FCM) clustering has been applied to point cloud segmentation and classification due to its ability to handle uncertainty in data membership [20]. However, its application to point cloud simplification has been limited, primarily due to the high computational cost of three-dimensional FCM clustering on large datasets [21].
This paper presents a novel down-sampling method that overcomes these limitations via a unique dimensional decomposition approach. By independently applying FCM clustering to each spatial dimension and integrating the resulting membership information, our method attains an optimal equilibrium between computational efficiency and geometric fidelity. The fundamental innovation of our proposed methodology lies in a systematic dimensional decomposition strategy that transforms the inherently complex three-dimensional point cloud simplification challenge into a series of more manageable one-dimensional analytical problems. This paradigm shift allows us to utilize the mathematical elegance and computational efficiency of single-dimensional fuzzy clustering while still capturing the essential three-dimensional geometric characteristics of point cloud data.
At the core of our approach lies the independent application of FCM clustering to each spatial coordinate axis. This process generates distinct membership functions for the X, Y, and Z dimensions, each representing the relationship between points and the distributional characteristics along that specific axis. These membership functions act as mathematical descriptors that quantify the extent to which each point represents the underlying statistical patterns within each dimension. The dimensionality reduction inherent in this approach provides substantial computational benefits, as the complexity of FCM clustering scales more favorably when applied to one-dimensional data than to its three-dimensional counterpart.
The subsequent integration of these multi-dimensional membership values forms the second crucial innovation of our method. Instead of treating the three dimensions as distinct entities, we have developed a sophisticated integration framework that combines the dimensional information into a unified importance metric. This integration process uses a product-based formulation that inherently highlights points that demonstrate high representativeness across all three dimensions simultaneously. Such points usually correspond to locations where the point cloud displays characteristic geometric features, whereas points with low multi-dimensional representativity often signify redundant or noisy data that can be safely removed without sacrificing geometric fidelity.
The adaptive sampling strategy driven by the derived importance scores achieves a principled balance among the competing objectives inherent in point cloud simplification. Points located at geometrically salient regions are assigned higher importance values due to their strong representativeness across multiple dimensions. Such points typically delineate surface boundaries, characterize curvature extrema, or indicate structural intersections. Conversely, points residing in homogeneous areas or arising from measurement noise exhibit weak dimensional coherence and are therefore assigned lower importance scores. This systematic importance evaluation enables the proposed algorithm to selectively retain critical geometric information while rigorously discarding redundant data. As a result, the method delivers an intelligent simplification capability that surpasses conventional uniform or randomly weighted sampling schemes. In essence, sampling is transformed from a passive selection procedure into an active, information-aware decision-making process that explicitly respects the intrinsic geometric structure of point cloud data.
Moreover, the dimensional independence of our analysis provides inherent robustness to anisotropic data distributions commonly encountered in practical applications. Real-world LiDAR acquisitions often exhibit varying point densities along different axes due to scanner characteristics or environmental factors. Our method naturally accommodates such variations by analyzing each dimension according to its own statistical properties, without imposing artificial symmetry constraints that might distort the simplification process. The theoretical underpinning of this approach rests on the observation that while point clouds exist in three-dimensional space, many of their essential geometric characteristics manifest distinctly along individual coordinate axes. Sharp edges, for instance, typically involve rapid changes in two dimensions while maintaining consistency in the third. Planar surfaces exhibit statistical regularity along their normal direction while showing diversity in the tangential dimensions. By capturing these dimensional signatures through independent FCM clustering and subsequently synthesizing them through intelligent fusion, our method achieves a comprehensive understanding of point cloud geometry that informs effective simplification decisions.
Furthermore, the dimensional independence underlying the proposed analysis confers inherent robustness to anisotropic point distributions frequently encountered in real-world scenarios. LiDAR acquisitions often exhibit nonuniform sampling densities across different axes due to sensor configurations or environmental influences. By treating each dimension according to its own statistical characteristics, the proposed approach naturally accommodates such anisotropy without enforcing artificial symmetry assumptions that could compromise geometric fidelity. This design is motivated by the observation that although point clouds are embedded in three-dimensional space, their essential geometric features often manifest distinctly along individual coordinate axes. For example, sharp edges are typically characterized by abrupt variations in two dimensions while remaining relatively stable in the third, whereas planar surfaces exhibit statistical consistency along the normal direction and greater variability within tangential directions. By capturing these dimension-specific signatures through independent FCM clustering and integrating them via a principled fusion mechanism, the proposed method attains a holistic yet nuanced representation of point cloud geometry that guides effective simplification.
Importantly, this dimensional decomposition and fusion framework extends beyond computational efficiency and reflects a conceptual shift in how point cloud structure is interpreted. Rather than treating simplification as the selection of representative points from a three-dimensional set, the problem is reframed as identifying points that simultaneously encode salient distributional characteristics across all coordinate axes. This perspective enables superior preservation of geometric features while maintaining scalability, thereby addressing a long-standing challenge in large-scale point cloud processing.
The organization of this paper is as follows: Section 2 introduces the proposed algorithm and its theoretical foundations. Section 3 details the experimental setup and a comparative analysis of results. Finally, Section 4 concludes the paper with a summary of findings and future research directions.
2 POINT CLOUD SIMPLIFICATION METHOD BASED ON MULTI-DIMENSIONAL MEMBERSHIP FUNCTIONS
In this section, we develop point cloud simplification method based on Multi-dimensional FCM (MFCM) membership functions. The proposed algorithm consists of four main stages: single-dimensional FCM clustering, multi-dimensional membership fusion, adaptive sampling strategy and parameter selection.
2.1 Single-dimensional FCM clustering
Given a LiDAR point cloud dataset PN×3 with N points, we first separate it into three independent one-dimensional vectors:
x=P:,1, y=P:,2, z=P:,3(1)
For each dimension data, we apply FCM clustering with C clusters. The objective function to minimize is:
JU,V=∑i=1N∑j=1Cuijmdijm(2)
where dij represents the distance between data point i and cluster center j, m>1 is the fuzziness parameter controlling cluster overlap, and uij denotes the membership degree of point i and cluster center j, satisfying
∑i=1cuij=1,0≤uij≤1(3)
The membership update equation derived through Lagrange optimization is:
uij=1∑k=1Cdijdik2m−1(4)
The cluster center update equation is:
vj=∑i=1Nuijm·di∑i=1Nuijm(5)
2.2 Multi-dimensional membership fusion
For each point pi=xi,yi,zi, we obtain three membership matrices:
Ux=ux,ijN×C,Uy=uy,ijN×C,Uz=uz,ijN×C(6)
We define the dimensional representativeness of each point as its maximum membership value in each dimension:
rx,i=max j=1Cux,ij,ry,i=maxj=1C uy,ij,rz,i=max j=1Cuz,ij(7)
Then, we develop some fusion strategies to combine these representativeness measures:
Siprod=rx,i·ry,i·rz,i(8)
This method emphasizes points that exhibit high representativeness across all dimensions simultaneously. The weighted sum fusion is:
Sisum=αxrx,i+αyry,i+αzrz,i(9)
where αx+αy+αz=1. This allows adjustable emphasis on different dimensions based on application requirements. Minimum Fusion:
Simin=minrx,i,ry,i,rz,i(10)
This conservative approach ensures basic representativeness in all dimensions. Based on information theory, we compute the entropy of membership distributions:
Ex,i=−∑j=1Cux,ij⁡log⁡ux,ij(11)
and define importance as:
Sientropy=1Ex,i+Ey,i+Ez,i+ϵ(12)
where ϵ is a small constant for numerical stability. Lower entropy (more concentrated membership) corresponds to higher importance.
2.3 Adaptive sampling strategy and parameter selection
Given a target simplification ratio S∼i and corresponding target point count, we define sampling probabilities:
pi=S∼i∑k=1NS∼k(13)
The cumulative distribution function is constructed as:
Fi=∑k=1ipπk(14)
where π represents indices sorted in descending order of importance. The sampling process proceeds as follows:
	Generate M independent random numbers r1, r2, …, rM∼U0,1
	For each rk, find the smallest index j satisfying Fj≥rk
	Include point pπj in the simplified point cloud

Then, we develop an adaptive method for determining the optimal number of clusters C for each dimension:
C=⌈log2IQRdσϵ⌉+2(15)
where IQRd is the interquartile range of the data, and σϵ represents the estimated noise level. The fuzziness parameter m is adaptively set based on data characteristics:
m=1+1log2C·skewnessd2+1kurtosisd(16)
The use of membership functions provides inherent sensitivity to data distribution characteristics. Points located near cluster centers (with high membership values) represent typical features of the data distribution, while points with low membership values across dimensions represent outliers or noise. By preferentially selecting points with high importance scores, our algorithm naturally preserves characteristic features while removing redundant or noisy data.
3 EXPERIMENTAL STUDIES
In this study, we compare the proposed MFCM algorithm with four state-of-the-art point cloud simplification methods: Voxel Grid Down-sampling (VG), a widely adopted uniform approach that partitions space into regular voxels and retains centroid points; Random Sampling (RS), a baseline technique that randomly selects points according to a predefined ratio; Farthest Point Sampling (FPS), an iterative method that maximizes spatial coverage by sequentially selecting points farthest from existing samples; and Curvature-based Sampling (CS), a geometry-aware strategy that prioritizes high-curvature regions to preserve salient geometric features. The experiments utilized six point cloud datasets from Stanford University (Horse, Skull, Bunny, Cactus, Elephant, and Chair), evaluating performance through two widely adopted quantitative metrics:
Chamfer Distance (CD): Measures the average bidirectional distance between point sets. Lower values indicate better overall shape preservation.
CDS1,S2=1S1∑x∈S1miny∈S2∥x−y∥2+1S2∑y∈S2minx∈S1y−x2(17)
Hausdorff Distance (HD): Captures the worst-case maximum deviation. Lower values ensure no significant local distortions.
HDS1,S2=maxsupx∈S1infy∈S2∥x−y∥,supy∈S2infx∈S1y−x(18)
Both metrics were computed using efficient kd-tree implementations for nearest neighbor searches, and values were scaled by 1,000 for readability.
The comprehensive experimental evaluation reveals several important insights regarding the performance characteristics of different point cloud simplification algorithms across diverse datasets, which are plotted in Figures 1–6. The consistent superiority of both MFCM and FPS algorithms across all datasets warrants particular attention. While FPS demonstrates exceptional performance in spatial coverage maximization through its iterative selection of farthest points, MFCM achieves even better results by incorporating multi-dimensional distribution characteristics.
[image: Six 3D point cloud renderings of a horse model show the original with 48,485 points and subsampled results using MFCM, VG, RS, FPS, and CS methods, each with around 4,849 points. Two bar charts display Chamfer Distance and Hausdorff Distance comparisons for subsampling methods.]FIGURE 1 | Downsampling results for the Horse.[image: Six 3D scatter plots display a colored point cloud of a human skull, representing the original dataset and five subsampling methods (MFCM, VG, RS, FPS, CS), each with about two thousand points. Two adjacent bar charts compare methods by Chamfer Distance and Hausdorff Distance, showing CS with the highest error values.]FIGURE 2 | Downsampling results for the Skull.[image: Six colored 3D point cloud visualizations show an original point cloud and five methods for downsampling to around three thousand five hundred points, each retaining about ninety percent of the shape. Two bar charts compare Chamfer Distance and Hausdorff Distance, with MFCM having the lowest and CS the highest values.]FIGURE 3 | Downsampling results for the Bunny.[image: Grid of six 3D point cloud visualizations shows a cactus shape: original point cloud with three thousand two hundred eighty points, and sampled versions using MFCM, VG, RS, FPS, and CS, each with around three hundred twenty-eight points representing ninety percent of the original. Two bar charts compare Chamfer Distance and Hausdorff Distance metrics for all sampling methods, with MFCM showing the lowest values and CS the highest.]FIGURE 4 | Downsampling results for the Cactus.[image: Six colored 3D point cloud visualizations of a rabbit-shaped object compare the original point set to five sampled point sets labeled MFCM, VG, RS, FPS, and CS, with each sampling method showing a reduced point count around two thousand five hundred. Two bar charts display Chamfer and Hausdorff distance metrics for each method, with MFCM showing the lowest distance values and CS the highest.]FIGURE 5 | Downsampling results for the Elephant.[image: Six 3D point cloud visualizations compare original and sampled data via different methods labeled MFCM, VG, RS, FPS, and CS, each with roughly 10 percent of points retained. Two bar charts display Chamfer and Hausdorff distance values for each method, showing MFCM with the lowest and CS with the highest errors.]FIGURE 6 | Downsampling results for the Chair.The performance difference can be attributed to several fundamental factors: First, FPS operates purely on spatial distances without considering the underlying data distribution patterns. While effective for ensuring even spatial coverage, this approach may oversample homogeneous regions while potentially down-sampling areas with complex geometric features. In contrast, MFCM analyzes the statistical distribution of points along each dimension independently, enabling it to identify points that are representative not just spatially but also in terms of their distributional characteristics. Second, the dimensional decomposition strategy of MFCM provides a more nuanced understanding of point importance. By examining how points contribute to the overall distribution along each coordinate axis, MFCM can better preserve structural characteristics that might be overlooked in purely distance-based approaches. This is particularly evident in datasets with anisotropic features or directional dependencies, where MFCM demonstrates significant advantages over FPS. Third, the fuzzy membership framework of MFCM introduces a degree of tolerance to noise and outliers that enhances robustness in real-world datasets. While FPS can be sensitive to outlier points that artificially extend the spatial bounds, MFCM’s membership-based approach naturally weights points according to their representativeness within clusters, providing inherent robustness.
Furthermore, the experimental results also highlight the scalability of these algorithms with respect to dataset size. For smaller datasets, both FPS and MFCM exhibit comparable performance in terms of simplification accuracy and computational efficiency. However, as the dataset size increases, MFCM demonstrates superior scalability due to its dimensional decomposition strategy, which allows for parallel processing along each dimension. This parallel processing capability significantly reduces the overall computational time, making MFCM more suitable for large-scale point cloud simplification tasks.
In addition to scalability, the experiments also investigate the impact of different parameter settings on the performance of both algorithms. For FPS, the number of iterations and the initial point selection strategy are found to have a significant impact on the final simplification result. In contrast, the performance of the developed MFCM is more stable across different parameter settings, thanks to its adaptive membership assignment mechanism. This mechanism automatically adjusts the importance of each point based on its distributional characteristics, reducing the need for extensive parameter tuning.
In summary, the experimental results not only validate the effectiveness of the proposed MFCM algorithm but also contribute to a deeper understanding of the relative strengths and limitations of different simplification paradigms. The consistent superiority of MFCM across diverse datasets and evaluation metrics suggests that its multi-dimensional, distribution-aware approach represents a significant advancement in point cloud simplification methodology.
4 CONCLUSION
This paper has presented a novel multi-dimensional FCM-based approach for LiDAR point cloud simplification that effectively addresses the critical trade-off between computational efficiency and geometric fidelity preservation. By decomposing the complex three-dimensional simplification problem into independent one-dimensional analyses, our method achieves significant advantages over conventional techniques.
The central innovation of the proposed approach lies in its dimensional decomposition strategy, which enables the efficient application of FCM clustering to individual coordinate axes. This design facilitates the extraction of informative membership functions that explicitly characterize the statistical distribution of point cloud data along each spatial dimension. By subsequently fusing these dimension-wise membership values using an optimized product-based strategy, a unified importance metric is constructed that effectively identifies points most representative of the underlying geometric structure.
Extensive experiments conducted on a diverse set of datasets, including benchmark three-dimensional models, real-world LiDAR scans, and architectural point clouds, demonstrate the superior performance of the proposed MFCM algorithm. In comparisons with four representative state of the art simplification methods, MFCM consistently achieves the lowest Chamfer Distance and Hausdorff Distance at identical simplification ratios. These quantitative advantages are further supported by qualitative visual evaluations, confirming that the proposed method preserves both global shape integrity and fine-scale geometric details more effectively than existing approaches.
Several promising avenues for future research naturally arise from this work. First, the computational efficiency of MFCM can be further enhanced through parallel implementations, as the dimensional independence of the framework is inherently well suited to parallel processing. Second, the proposed formulation may be extended to incorporate additional point attributes beyond spatial coordinates, such as intensity, color, or temporal information in dynamic point clouds. Third, the integration of deep learning techniques offers the potential to automate parameter selection and to learn application specific fusion strategies. Finally, a hierarchical extension of the framework would allow the algorithm to scale efficiently to ultra large point clouds containing billions of points.
In conclusion, the multi-dimensional FCM approach represents a significant advancement in point cloud simplification methodology. By fundamentally rethinking the problem through dimensional decomposition and fuzzy membership analysis, we have developed an algorithm that not only outperforms existing methods but also provides a flexible framework for future extensions and applications. As LiDAR technology continues to advance and generate increasingly large and complex point cloud datasets, methods like MFCM will play an increasingly important role in enabling efficient processing while preserving the rich geometric information essential for accurate perception and analysis.
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