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Abstract: Point cloud filtering plays a crucial role in ground point extraction in urban
environments. It can effectively distinguish ground points from object points, reduce data
redundancy, and improve processing efficiency, providing accurate foundational data for
urban 3D modeling, environmental monitoring, and intelligent management. However,
current point cloud filtering algorithms have significant limitations in multi-scale structural
complexity and sparse-to-dense balancing, hindering accurate extraction in complex urban
environments. To address those issues, this paper proposes a point cloud filtering algorithm
based on cloth simulation and progressive TIN densification (CAP). The algorithm first
applies the cloth simulation filtering (CSF) algorithm to perform an initial filtering of the
point cloud data and extract the initial ground points. It then constructs a TIN model based
on the initial ground points, incorporating the concept of the progressive TIN densification
(PTD) algorithm. Through point-by-point thresholding, the ground and object points are
further refined and optimized. In the urban public point cloud datasets provided by ISPRS,
the average total error is 5.90% after CAP algorithm filtering. For 12 sets of point cloud
data in the North Rhine-Westphalia experimental sample area, the results show that the
CAP algorithm achieves an average total error of 2.86%, which is 2.01% lower than the
PTD algorithm and 0.60% lower than the CSF algorithm. The average Kappa coefficient is
94.04%, which is an improvement of 4.17% and 1.22% over the PTD and CSF algorithms,
respectively. This study demonstrates that the CAP algorithm exhibits superior accuracy
and adaptability for point cloud filtering tasks in urban environments, with significant
application potential.

Keywords: point cloud filtering; ground point extraction; urban 3D modeling; CAP

1. Introduction

With the acceleration of urbanization, especially in areas where high-density buildings,
complex road networks, and artificial facilities are interwoven, the extraction of ground and
object points has become a core task in point cloud data processing [1-3]. In these complex
environments, traditional ground point extraction methods are often limited by building
occlusion, terrain changes, and interference from object points, resulting in insufficient
accuracy and robustness [4-6]. Especially in densely built areas or irregular terrain areas,
it is difficult to achieve ideal results with traditional algorithms, such as the progressive
triangular irregular network encryption algorithm (PTD) [7,8]. Therefore, how to improve
the accuracy of point cloud filtering, especially in complex urban environments, has become
a hot topic of current research.
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Existing point cloud filtering methods can be roughly divided into several cat-
egories [9]: TIN-based [10-12], surface-based [13,14], morphological-based [15-17],
segmentation- and cluster-based [18-21], statistical analysis [22], and multi-scale com-
parison [23]. The PTD algorithm, a TIN-based method with gradual refinement, is widely
used in point cloud filtering due to its ability to enhance accuracy and surface detail process-
ing. It improves ground point extraction by constructing an irregular triangular mesh and
progressively encrypting mesh density [24]. In recent years, scholars have improved the
filtering accuracy and efficiency by integrating multiple methods. Li et al. [25] combined
irregular triangulation with region growing; Sui et al. [26] applied regional segmentation
and mathematical morphology; Li et al. [27] used point cloud block iteration acceleration;
Shi et al. [28] proposed a non-parametric TIN densification algorithm.

In order to solve the problem of efficiency and ease of use of point cloud data pro-
cessing in complex terrain, the point cloud filtering algorithm based on cloth simulation
(CSF) has received extensive attention in recent years. The algorithm realizes data filtering
by simulating the movement of cloth in the physical environment. The process starts by
inverting a LIDAR point cloud and placing a rigid cloth over it. The positions of the cloth
nodes are then used to approximate the ground surface. Finally, the ground points are
identified by comparing the original LIDAR data with the generated surface [29]. Different
from the traditional progressive triangulation encryption algorithm, the CSF method does
not need a complex mesh construction and refinement process but automatically identifies
through physical simulation, which significantly improves the computational efficiency
and simplifies the operation process. However, CSF has limitations in complex terrains
and environments. Li et al. [30] improved CSF for complex geomorphology; Cai et al. [31]
proposed ICSF for better terrain reference; Yang et al. [32] developed BCSF for automatic
filtering of multibeam bathymetry; Xue et al. [33] enhanced classification accuracy using
ICSF and weighted weakly correlated random forest.

In urban environments, both the PTD and the CSF algorithms exhibit significant
limitations. The PTD algorithm faces challenges primarily due to the sparse distribution
of initial seed points, which results in inadequate accuracy in complex terrains or densely
built urban settings [34]. This sparsity hinders the acquisition of sufficiently detailed
seed point distributions, particularly in areas with uneven ground point distribution
or high ground point density, thereby limiting the algorithm’s precision improvement
capabilities [35]. Additionally, the iterative refinement of the triangular mesh in PTD leads
to high computational and storage overheads, especially when processing large-scale point
cloud datasets in high-density urban environments, significantly affecting the algorithm’s
real-time performance and efficiency. On the other hand, while the CSF algorithm offers
advantages in terms of ease of use and computational efficiency, it struggles to maintain
accuracy and real-time performance in large-scale urban environments. The CSF algorithm
relies on the assumption of smoothness in point cloud data, which is often violated in urban
settings due to irregularities caused by building corners, road bumps, and tree structures.
Furthermore, CSF faces difficulties in handling objects and details across different scales.
For instance, in highly complex urban scenarios featuring intricate building facades and
narrow streets, the algorithm’s ability to process details at varying scales is compromised,
leading to reduced simulation accuracy [36].

To solve the above problems, a method combining CSF pre-filtering and static TIN
modeling is proposed in this study, which aims to improve the accuracy and efficiency of
point cloud processing in complex urban environments through algorithm collaborative
optimization and process reconstruction. The CAP leverages the simplicity and efficiency
of CSF while incorporating the progressive refinement concept of PTD. The CAP algorithm
first employs CSF to filter the point cloud, extracting more accurate ground points. Subse-



Remote Sens. 2025, 17, 1452

30f18

quently, a TIN model is constructed based on the filtered ground points. Compared to the
classical PTD algorithm, the CAP approach reduces the number of encryption iterations,
thereby improving computational efficiency. Additionally, an angular and distance-based
judgment mechanism is introduced to further distinguish between ground points and
object points. This mechanism optimizes the CSF algorithm by minimizing the aggregation
of ground points within the object point set, enhancing the detail processing of object
points, and ultimately improving the overall accuracy of ground point extraction.

2. Materials and Methods
2.1. Data

The data (shown in Figure 1) used in this study were sourced from North Rhine—
Westphalia (NRW), Germany, and consisted of high-precision three-dimensional measure-
ment data obtained through Airborne Laser Scanning (ALS) technology [37]. The dataset
was captured by a laser scanner installed on an aircraft, which is capable of accurately
capturing spatial information of the ground surface and the objects above it, including
buildings, vegetation, and other complex terrain features.

Site 9

Site 10 Site 11 Site 12

Figure 1. Original datasets of 12 experimental areas in North Rhine-Westphalia (NRW), Germany.

In order to verify the applicability and comparison accuracy of the algorithm, this
study also used the International Society for Photogrammetry and Remote Sensing (ISPRS)
public dataset for experiments and selected 9 samples of urban areas in the dataset for
quantitative evaluation (Site 1-4).

2.2. Methodology

As shown in Figure 2, in this study, the combined algorithm mainly included three
core steps: initial ground point acquisition, TIN model construction, and detailed selection
of ground points. Firstly, based on the mass-spring model, the preprocessed point cloud
was grided by using the CSF, the force state of each node was calculated step by step,
and the node position was optimized by iteration to obtain the ground point. Then, these
ground points were used as the basis for subsequent TIN model construction, and the initial
TIN was generated by the Delaunay triangulation method. Finally, the remaining points
were judged point by point, and whether the three angles formed by the vertical distance
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between the checkpoint and the corresponding triangle plane and the triangle vertex
line met the threshold conditions of distance and angle was filtered, so as to accurately
distinguish ground points and target points, optimize the extraction accuracy of ground
points, significantly reduce the probability of misclassification, and enhance the detail
processing of ground points. The visualization diagram of the method process can be seen
in Figure 3.

Step 3:Construct the TIN model
based on the initial ground points
Step 1: Experiment related and evaluate the remaining points.
extraction as well as random
sampling of the original data.
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Figure 2. Flowchart of the research method.
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Figure 3. Schematic diagram of the algorithm flow. (a) Original point cloud data. (b) The CSF
algorithm inverts the original data, and the particles move under the influence of internal and
external forces. (c) Iterative steps are taken to obtain the initial ground points and initial object
points. (d) The initial ground points obtained by the CSF algorithm are used to construct the TIN
model. (e) The remaining points are traversed to judge the angle and distance thresholds. (f) The
threshold-validated ground points are updated to obtain the final result.

2.2.1. Data Extraction and Preprocessing

The extraction of ground points and object points formed the basis of the analysis.
Ground points primarily reflect the natural terrain surface, including ground elevation
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points that are not affected by buildings, vegetation, or other man-made structures. Water
bodies, such as lakes and rivers, are also classified as ground points to represent the natural
undulations of the terrain. Object points, on the other hand, typically represent the reflective
points of objects above the ground, such as buildings, trees, vehicles, and other structures,
and correspond to the last return signals of the laser. The experimental data of last return
ground points and last return (above the ground, e.g., buildings, trees) were selected as the
experimental data, and the truth labels of ground points and object points were preset, so
as to provide a basis for the full verification of the experimental results.

In order to improve the computational efficiency and ensure the representability of the
results, random sampling of point cloud data was carried out for 12 urban sample areas
with an area of roughly 500 x 500 m?, as shown in Figure 4, which was obtained by plane
projection from the Z value of point cloud coordinates, and the specific elevation values
are shown in the bar chart on the left. The random sampling ratio was set at 5% [38], a
proportion that effectively preserves the spatial distribution characteristics and classification
accuracy of the original data. This strategy significantly reduced the computational load
while maintaining high classification accuracy and projection quality, thus meeting the
analytical needs of this study.

Site 10 Site 12

Figure 4. The experimental area was preprocessed and projected in a plane according to altitude.

2.2.2. Obtain Initial Ground Points

Since many scholars have carried out special theoretical and application research
in this aspect [31,39,40], this paper only briefly describes the processing steps and the
corresponding parameter explanation of this process of point cloud. Figure 5 shows the
filtering process of the CSF algorithm.

The cloth simulation process starts by inverting preprocessed point cloud data and
initializing the cloth mesh. The grid resolution (GR) determines the number of particles
and their layout, while the cloth’s rigidness (RI) is classified into three types to suit different
terrains. The cloth is placed above the highest point of the point cloud to avoid ground
contact. During projection, each particle is mapped onto a horizontal plane, and the closest
LiDAR point (corresponding point or CP) is identified, with its height recorded as the
intersection height value (IHV). Gravity and internal forces affect the particle positions, and
this process repeats until the maximum iteration limit (MI) is reached. After simulation,
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cloud-to-cloud distances are used to classify stable ground points and object points with sig-
nificant changes, using a threshold (h) for differentiation. For steep slopes, post-processing
smooths edges for accurate classification, adjusting particles based on height differences
with neighboring particles. A steep fit factor (ST) ensures proper post-processing for steep
slopes and unbiased traversal through strongly connected components (SCCs).
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Figure 5. CSF algorithm flowchart.

2.2.3. Construct the TIN and Perform Threshold Judgement

The PTD algorithm is a point cloud filtering method based on TIN, widely used for
extracting ground points from LiDAR data. This algorithm improves the accuracy of
ground point extraction by progressively densifying the initial TIN model, adding new
ground points and optimizing the mesh structure in each iteration [41].

In this study, inspired by the PTD algorithm, an irregular TIN model was constructed,
and ground points were progressively selected and densified.

As shown in Figure 6b, the ground seed points extracted by CSF algorithm were
used to complete the construction of TIN model. Compared with the random construction
of initial points in the traditional PTD algorithm (a), this process greatly improves the
accuracy and density of initial points and effectively reduces the densification process of
TIN model iteration. Based on these ground points, with the help of the C++ platform,
CGAL, PCL and other open source libraries, the initial TIN was constructed by using
the Delaunay triangulation method. In this process, the ground points obtained by CSF
filtering were used as the basis for grid construction. An initial set of triangular facets was
formed by connecting adjacent ground points. This lays the foundation for the subsequent
classification of remaining points and ensures the effectiveness and accuracy of the CAP
algorithm in the process of ground point extraction.

In the point cloud filtering process, the processing of unclassified points usually
involves analyzing the geometric relationship between the point cloud and the ground
model, as shown in Figure 7. After constructing the TIN model, the remaining points
were processed one by one. The classification process was as follows: with the help of the
Fade2.5D open source library, the remaining points were located to their TIN grid, and
then the remaining points were filtered according to the vertical distance from the point to
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the TIN triangle. Then, the points were further classified by calculating the angle between
the line between the unclassified points and the triangle vertices and the plane formed by
the triangle. To ensure accuracy, this paper set a strict threshold condition, that is, on the
basis of satisfying the distance threshold condition, the three included angles should also
meet the set angle threshold. This two-step filtering method helps to refine the ground
point extraction and improve accuracy and precision.
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Figure 6. Schematic of the TIN model. (a) TIN model constructed from initial seed points of
the original PTD algorithm; (b) TIN model constructed from ground points obtained using the
CSF algorithm.

@® TINpoint O Unclassified point
Figure 7. Distance and angle from unclassified points to the TIN model.

2.3. Parameter Setting

Parameters are crucial for the performance of an algorithm, and different parameter
settings often lead to significant differences in results. In this study, various parameter
configurations were applied based on different experimental regions. For the ISPRS official
public dataset, the parameters for the CSF algorithm were set following the work of
Zhang et al. [29], with an angle threshold of 6° and a distance threshold of 0.8 m. For the
NRW experimental area, the following parameter settings were used: RI=1, GR=1.5m,
ST = True, h = 0.3 m, with the angle and distance thresholds remaining the same. A detailed
sensitivity analysis of the parameters is provided in Section 3.4. The classification standards
and accuracy metrics methods are shown in Tables 1 and 2.

Table 1. Classification standards for experimental data [42].

Filtered
Ground Object
Reference Ground a b

Object c d
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Table 2. Calculation methods for accuracy metrics [42].
Metrics of Quantitative Evaluations
e a+b+c+d
TI b/(a+Db)
TII c/(c+4d)
TE (b+c)/e
Po (11 + b)/e
b, ((a+b)x(a+c)+ (c+d)x (b+d))/e?
Kappa (Py—Pc)/(1—P)

3. Results
3.1. Comparative Analysis with Other Algorithms Using the ISPRS Dataset

To better illustrate the effectiveness of the filtering algorithm in this paper, the filtering
results of the ISPRS public dataset were compared with those of other algorithms. We
selected 7 emerging filtering algorithms [11,12,14,28,43—45]. The total errors for urban
scenarios are shown in Table 3. In sample 21, the algorithm achieves the lowest total error
of 1.87%, while in sample 11, the total error is relatively high at 18.04%, which significantly
lowers the average accuracy. Compared to the other seven algorithms, the algorithm
proposed in this paper performs better in terms of accuracy, with an average total error of
5.90%, ranking third among all eight algorithms. Compared to recent filtering algorithms
(such as Cai, Wang, etc.), the proposed algorithm shows significant improvement in filtering
accuracy. This indicates that, although there is still room for improvement in certain specific
scenarios (such as steep slopes and areas with significant terrain variations), its overall
performance has made notable progress compared to existing technologies. In general,
the algorithm not only has good precision performance but also has high adaptability and
reliability, which is suitable for most urban environments.

Table 3. Total errors of emerging filtering algorithms in urban scene (%).

Samples Zhang Hu Hui Shi Hui Cai Wang CAP
(2013) (2014) (2016) (2018) (2018) (2019) (2022)

sampll 18.49 8.31 13.34 11.12 17.1 16.24 17.74 18.04
samp12 5.92 2.58 3.5 717 7.14 8.85 5.34 4.43
samp21 4.95 0.95 221 6.58 2.55 14.18 4.90 1.87
samp22 14.18 3.23 5.41 14.02 11.47 4.25 8.17 4.47
samp?23 12.06 4.42 5.11 17.43 8.86 8.52 8.50 6.63
samp24 20.26 3.8 7.47 13.06 15.96 15.59 8.75 5.05
samp31 2.32 0.9 1.33 3.13 6.82 7.28 493 417
samp41 20.44 591 10.6 10.06 11.45 13.04 791 593
samp42 3.94 0.73 1.92 1.91 413 4.75 3.48 2.50

Avg. 11.40 3.43 5.65 9.39 9.50 10.30 7.75 5.90

Std. 7.32 2.54 413 5.14 4.97 4.58 4.21 4.79

3.2. Accuracy Evaluation of CAP in the NRW Experimental Areas

For the experimental data in the NRW region, the results demonstrate that the CAP
filtering algorithm outperforms traditional methods, like the PTD algorithm and the CSF
algorithm, especially in terms of ground point extraction accuracy and Kappa coefficient.
Specifically, the CAP algorithm surpasses both PTD and CSF algorithms across several
key performance indicators, particularly in total error (TE) and classification accuracy
(Kappa coefficient).

As shown in Table 4, the CAP algorithm achieves an average total error of 2.86%,
which is lower than PTD’s 4.87% and CSF’s 3.46%. This represents a reduction of 2.01%



Remote Sens. 2025, 17, 1452

90f18

and 0.60% in absolute error, respectively, and a relative error reduction of 41.27% and

17.34%. The CAP algorithm demonstrates superior precision in classifying ground and

object points, with a significant reduction in errors.

Table 4. Different errors and Kappa coefficients computed by three different algorithms (%).

Type I Error Type II Error Total Error Kappa
Site PTD CSF CAP PTD CSF CAP PTD CSF CAP PTD CSF CAP
1 10.13 5.86 2.89 3.95 3.46 4.20 7.66 4.89 3.42 8432 8994  92.89
2 591 6.99 5.53 291 2.00 231 4.99 5.44 4.53 88.64 8775  89.71
3 5.16 1.72 0.87 212 2.26 2.46 3.44 2.02 1.77 9298 9588  96.41
4 6.28 3.75 2.05 1.77 1.82 2.18 4.55 3.00 2.10 90.55 9374  95.58
5 6.85 4.70 3.94 2.14 1.60 1.75 4.43 3.10 2.81 9113 9379  94.37
6 5.00 1.07 0.65 1.25 1.31 1.44 2.90 1.21 1.09 9410 9755  97.78
7 5.47 1.80 0.66 5.87 3.87 4.69 5.62 2.61 2.23 88.21 9450  95.28
8 10.59 8.99 8.11 3.49 3.02 3.24 7.89 6.78 6.31 8336 8582  86.76
9 5.99 3.98 2.06 2.58 291 3.19 4.32 3.46 2.61 91.36  93.08 94.77
10 7.01 6.25 4.76 2.74 2.23 2.75 5.16 4.58 3.89 89.58 90.74  92.12
11 6.15 2.75 1.37 2.15 2.05 2.32 4.15 2.40 1.85 91.71 9521  96.30
12 597 2.42 1.52 1.82 1.78 1.97 3.37 2.07 1.76 9248 9582  96.45
Avg. 6.71 4.19 2.87 2.73 2.36 271 4.87 3.46 2.86 89.87 9282  94.04
Std. 1.81 243 231 1.24 0.79 0.97 1.56 1.64 1.47 3.30 3.55 3.19

Furthermore, the Kappa coefficient, a key metric for measuring classification consis-

tency and accuracy, further confirms the superiority of the CAP algorithm. The average
Kappa coefficient across all 12 sites for the CAP algorithm is 94.04%, higher than PTD’s
89.87% and CSF’s 92.82%, representing improvements of 4.17% and 1.22%, respectively.
These results indicate that the CAP algorithm not only reduces classification errors but also

enhances the consistency of the classification results.

From the results of type I and type II errors, the CAP algorithm demonstrates par-

ticularly strong performance in reducing type I errors, as shown in Figure 8. According

to Table 5, the average error for type I is 2.87%, significantly lower than PTD (6.71%) and
CSF (4.19%). Notably, the results at sites 6 (0.65%), 7 (0.66%), and 3 (0.87%) are particularly
good, indicating that the CAP algorithm can more accurately distinguish object points.

Table 5. Comparison of time consumption of three different algorithms.

Time Consuming/s Num/pts Density/pts/m?
Site PTD CSF CAP
1 496 1.45 1.65 96,164 0.49
2 5.23 1.53 1.70 97,583 0.49
3 4.16 0.66 0.81 95,606 0.49
4 428 1.01 1.18 94,933 0.50
5 4.37 1.20 1.34 95,433 0.49
6 3.89 0.86 1.01 96,206 0.48
7 4.39 1.21 1.36 93,179 0.49
8 421 1.44 1.62 93,934 0.49
9 4.89 0.94 1.11 93,348 0.49
10 497 1.31 1.48 94,672 0.49
11 3.82 091 1.07 94,280 0.50
12 422 0.83 0.99 95,438 0.50
Avg. 4.45 1.11 1.28 95,065 0.49
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Figure 8. Comparison of type I error between the CSF algorithm and the CAP algorithm. (a—d)
respectively represent the 4 corresponding experimental areas in the NRW.

However, the CAP algorithm performs somewhat weaker in reducing type II errors,
with an average error of 2.71%. Notably, sites 1 (4.20%) and 7 (4.69%) show larger errors. In
comparison, the CSF algorithm performs better in terms of type II errors, with an average
error of 2.36%. These findings suggest that while the CAP algorithm excels at minimizing
type I errors, its performance on type II errors could be further improved.

In the NRW experimental area, the PTD algorithm performs overall poorly, with
the type I error as high as 6.71%, much higher than the CSF and CAP algorithms. The
advantage in type Il error is not significant either, being similar to CAP but higher than CSE.
The total error and Kappa coefficient are lower compared to the CAP algorithm, indicating
lower accuracy.

3.3. Time Cost Evaluation of CAP in NRW Experimental Areas

This study conducted a systematic comparative evaluation of the computational effi-
ciency among PTD, CSF, and CAP algorithms. Experiments were performed on sampled
NRW experimental areas, with 10 repeated runs on identical hardware configurations to ob-
tain averaged results. As shown in Table 5, the findings demonstrate that the PTD algorithm
exhibited an average processing time of 4.45 s, primarily attributed to its multi-iteration
TIN model refinement mechanism. The CSF algorithm achieved the shortest processing
time (1.11 s) by leveraging holistic simulated terrain surface characteristics. The CAP
algorithm adopted a two-stage architecture of “CSF coarse filtering and refined extraction”,
combining CSF preprocessing with static TIN modeling and joint-criteria optimization,
resulting in a total processing time of 1.28 s-3.48 times faster than PTD. Although CAP
introduced a 16.3% time increase compared to CSF due to TIN modeling integration, it
significantly reduced computational complexity by replacing PTD’s progressive iterations
with single-pass optimization while maintaining classification accuracy.

3.4. Parameter Sensitivity Analysis

Parameters are very important to an algorithm and sometimes can directly affect the
quality of the algorithm results. The first step of the CAP algorithm is to extract the ground
points of the CSF algorithm, and the parameters of the CSF algorithm involve the RI, ST,
GR, and so on, so the best choice of parameters is also the most important thing in the CSF
algorithm, and the subsequent angle and distance parameters are also the same. Through
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parameter sensitivity analysis, controlling parameter variables, comparing the accuracy of
different experimental results, and analyzing the influence of each parameter on filtering
performance, the relatively optimal parameter is selected.

As shown in Figure 9, a comparison analysis of total error and time consumption was
conducted by randomly selecting 8 out of 12 areas, using different GRs. The line chart
illustrates the impact of GR on total error. From the figure, it can be observed that when
the GRis in the range of 1-2 m, the total error across the sample areas is relatively low and
stable. Particularly, at GR = 1.5 m, the error is minimized for most of the sample areas,
and the time consuming is also relatively low. Therefore, GR = 1.5 m is selected as the
corresponding parameter for this study.
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Figure 9. Effect of the GR on the total error of the data.

As shown in Figure 10, at the areas of site 1, site 2, site 8, and site 9, the value of h
has a minimal effect on the total error, and the points in the figure are relatively clustered.
However, at other areas, such as site 3, site 4, and site 10, different values of h have a
significant impact on the total error. Roughly speaking, when h = 0.5 m, some areas show
the maximum error, especially at site 4. But upon closer analysis, when h = 0.3 m, most sites
achieve the minimum error. When the remaining parameters are selected optimally, the
average total error across the 12 experimental sample areas is reduced by 0.01% compared
to when h = 0.5 m. The study thus selects h = 0.3 m.

Figure 11a shows the effect of RI on the error of the experimental sample areas. From
this figure, it can be seen that RI has little impact on the total error in certain areas, such as
site 1, site 2, site 5, and site 8. Regardless of the RI value, the total error remains relatively
stable. However, there are significant differences in some areas, such as site 4, site 7, and
site 9. When RI = 1, the total error in these areas is smaller. When RI = 2 and 3, the total error
across the 12 areas is similar, and the differences are not significant. Figure 11b shows the
effect of ST on the experimental sample areas. Whether ST is set or not has a considerable
impact on the total error of the areas. When ST = True, the total error in all areas, except site
2, is smaller than when ST = False. Based on the above analysis, this study selects RI = 1
and ST = True for the NRW region areas.
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Figure 11. RI and ST on the error of the experimental sample area.

From the Figure 12, it can be observed that the changes in type I and type II errors
exhibit an inverse trend. As the angle threshold decreases, the type Il error decreases
while the type I error increases. Under a fixed angle, the type I error increases as the
distance threshold decreases, while the type II error and total error gradually decrease as
the distance decreases. The filtering effect is most ideal when the distance threshold is in a
smaller range (0.5-1.0 m). Therefore, the middle value of 0.8 m was adopted as the distance
threshold of the experiment. When the distance is fixed, as the angle decreases, the total
error shows a decreasing trend with the reduction in distance. Notably, when the angle is
set to 6°, the total error in the experimental area remains stable at approximately 2.38%,
indicating that 6° is a relatively stable choice under the experimental conditions.

A combination of larger angles and longer distances leads to an increase in type II
error, which in turn affects the total error. For example, in the combination of 30° and 1.5 m,
although the type I error is small (0.28%), the type Il error is large (6.94%), resulting in a
total error of 3.53%, which is significantly higher than other angle combinations.

The angle threshold selected in the experiment was 6° because this angle showed
relatively stable characteristics under the conditions of this experiment and the total error
is small at 6°.
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Figure 12. Effect of angle threshold on three types of errors under a constant distance threshold.

4. Discussion
4.1. Algorithmic Synergy and Performance Improvements

The innovation of CAP framework lies in its seed point optimization strategy: by
replacing the random initial seeds of traditional PTD algorithm with accurate ground
points preprocessed by CSF, the instability problem of triangulation network construction
caused by the sparsity of initial seeds in complex urban terrain is solved. CSF’s cloth
simulation mechanism generates morphologically consistent and spatially dense seed point
sets (e.g., roads, slope continuous features), which significantly enhance the robustness
of triangulation in irregular regions (building edges, vegetation areas). This strategy
combines physically driven seed screening with subsequent TIN construction, giving
priority to ensuring accuracy and reducing the need for iterative correction. Furthermore,
the angular distance judgment mechanism addresses CSF’s limitations in handling irregular
geometries (e.g., building edges, road discontinuities), Compared with the independent
implementation of CSF and PTD, the accuracy of type I error, total error and Kappa
coefficient index are correspondingly improved.

4.2. Cause Analysis of Type II Error Anomaly in CAP Algorithm

In this study of filtering algorithms, the CAP algorithm demonstrates a technical
dependency on the CSF algorithm. Specifically, CAP constructs the TIN using the ini-
tial ground points identified by CSF, then performs secondary filtering on unclassified
points. While the CSF-generated initial ground point category achieves substantial accuracy,
residual ground point errors persist. To address this, CAP incorporates the PTD concept,
implementing multi-threshold iterations for refined ground extraction.

Regarding performance metrics, CAP generally surpasses CSF in overall accuracy, yet
their relationship is not strictly hierarchical. As shown in Figure 13’s scatter distribution,
CAP exhibits higher type Il errors. This stems from its TIN-based geometric constraints:
when unclassified points (particularly those adhering to terrain surfaces, like low vegetation
or road barriers) satisfy predefined angle and distance thresholds, they risk erroneous
ground classification. The limitation becomes pronounced in complex urban environments
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containing scattered objects, where geometric models struggle to distinguish terrain from
surface-attached features. While CAP does an excellent job of optimizing CSF results by
adding threshold decision processing, its performance boundaries ultimately depend on
the accuracy of the initial ground model. Such algorithm cascading enhances the overall
precision but simultaneously inherits and amplifies predecessor limitations, highlighting
challenges in applying pure geometric filtering to complex environments. Future research
can go beyond the geometry-driven paradigm and integrate multimodal data (e.g., spectral
texture, temporal motion features) and dynamic contextual reasoning to achieve a transition
from “geometric filtering” to “joint semantic-geometric understanding”.
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Figure 13. The type I and type II errors of the CSF and CAP algorithms.

4.3. Uneven Density in TIN Model Construction Using CAP Algorithm

There are some challenges when using CSF algorithm to extract ground points from
original urban scene point cloud data and construct TIN model, especially in densely built
urban areas. As shown in Figure 14, when filtering object points, the CSF algorithm tends
to roughly eliminate the object point cloud data, such as buildings, resulting in the TIN
triangulated network surface constructed in these areas is too rough and the area is too
large. On the contrary, in the non-building area, the ground points are more average and
dense, and then a more refined TIN model is constructed. This phenomenon can lead
to obvious differences in the construction effects of TIN models within the same region.
In the vicinity of buildings, due to the lack of object points, the accuracy of the model
is low, showing a rough triangular network structure. However, in non-building areas,
due to the dense point cloud data and accurate ground point extraction, the model is
relatively fine and has high accuracy, and this difference may affect the overall accuracy of
the whole algorithm.
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Figure 14. The original point cloud data and the construction of the TIN model filtered by CSF. (a)

Original point cloud data classification containing object points, such as buildings, trees, and vehicles,
and ground points. (b) TIN model constructed from ground points obtained using the CSF algorithm.
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In the future, a local-global joint optimization strategy can be designed to introduce
super-voxel segmentation in built-up areas to refine the granularity of terrain reconstruction,
and combine dynamic terrain curvature constraints to suppress excessive smoothing in non-
built-up areas. In addition, the incremental TIN encryption technology was explored, and
the triangle patches were added and deleted adaptively based on point cloud density and
geometric complexity to achieve the equalization of model accuracy in the whole region.

4.4. Future Research Directions

Considering the diversity of urban environments and their potential impact on al-
gorithm performance, urban studies in special scenarios and verification of parameter
generalization ability in different environments are crucial. Different geographical condi-
tions can significantly affect the applicability and robustness of the algorithm. Therefore,
exploring the performance of the algorithm in different urban environments is crucial to en-
hance its generalization ability. At the same time, verifying the generalization ability of the
parameters in different scenarios helps to ensure that the algorithm maintains stability and
accuracy in dynamic practical applications. Future research can focus on the applicability
of the algorithm in areas with unique terrain conditions, such as mountain cities and coastal
cities, to further evaluate its performance in various urban environments. In addition,
since the current research has not fully verified the generalization ability of the parame-
ters in different scenarios, cross-scenario experiments can be carried out in the future to
analyze the impact of parameter changes on the performance of the algorithm in different
environments, and explore ways to improve the generalization ability of the algorithm.

5. Conclusions

This paper proposes an improved algorithm framework for urban point cloud filtering,
which combines PTD and CSF algorithm for structure reconstruction, so that the advantages
of the two algorithms are complementary, and the balance between sparse—dense nodes
and the complexity of multi-scale structure in urban environment point cloud data are
solved, so as to improve the accuracy of point cloud filtering in its environment.

The paper compares its filtering algorithm with 14 others using the ISPRS dataset. It
achieves a low total error of 1.87% in sample 21, but a higher error of 18.04% in sample 11,
indicating room for improvement in challenging terrains. It outperforms many emerging
algorithms, showing good reliability and applicability.

On the urban point cloud data of NRW, the CAP algorithm performs better than
the PTD and CSF algorithms in terms of ground point extraction accuracy, classification
agreement, and type I error. The average total error of the proposed algorithm is 2.86%,
which is lower than that of PTD algorithm (4.87%) and CSF algorithm (3.46%). It effectively
reduces the relative error, indicating that it has higher ground point classification accuracy
in complex urban environments. The Kappa coefficient of the CAP algorithm is 94.04%,
which shows that its classification consistency is significantly improved, and it is more
robust to deal with point cloud data in urban environments. In addition, the CAP algorithm
significantly reduces the type I error to 2.86%, although the performance on the type II error
is relatively weak (3.71%), but compared with the other two algorithms, the TE is improved.
The CAP algorithm achieves a 1.28 s processing time via a two-stage architecture, operating
3.48 times faster than PTD. Despite a 16.3% time increase compared to CSE, it replaces
iterative computations with single-pass optimization, significantly improving efficiency
while maintaining classification accuracy.

In general, the CAP algorithm provides a promising solution for high-precision ground
point extraction, especially in complex urban landscapes. Compared with traditional
methods, the accuracy of CAP algorithm shows stronger advantages. Future research
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can focus on further optimizing the algorithm to adapt it to larger datasets and more
challenging urban environments and exploring automated processing of parameterization
to enhance its applicability.
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