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ABSTRACT

Point clouds are essential for 3D spatial analysis and widely used in geodesy,
photogrammetry, and remote sensing. While modern technologies simplify their collection,
processing remains challenging due to data size, irregularity, and noise. Classification is critical
for object identification and noise removal.

This paper explores geometric features of points derived from their local 3D neighbourhoods.
It examines neighbourhood definitions, feature computation via principal component analysis (PCA),
and their impact on real dataset classification. Using a test point cloud with natural and
anthropogenic features, we analyze feature dependencies, identify redundancies, and highlight key
metrics. Additionally, we propose new approaches for noise filtering, contributing to more efficient
point cloud processing and practical applications.
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INTRODUCTION

Nowadays, non-selective spatial data collection methods are increasingly used to obtain
spatial information. The resulting products of these methods are so-called point clouds, which serve
as a fundamental representation of 3D space and have a wide range of applications [1]. They are
utilized in various fields such as geodesy, remote sensing, photogrammetry, robotics, computer
vision, and others [2, 3]. Point clouds are a key source of information in modern applications, making
their accurate interpretation essential.

Although modern measurement methods and advanced technologies enable fast and
convenient data collection, they also introduce new challenges in post-processing. The size,
complexity, and irregularity of the collected data require advanced methods for analysis and
information extraction.

To extract meaningful information from a point cloud containing diverse objects, classification
is often necessary. This involves assigning a specific value (label) to each point. For example, to
separate vegetation from other categories, we can assign a label (e.g., a value of 1) to vegetation
points and a different label to other classes. This classification can then be extended into a filtering
process, where points with specific labels are removed to clean the point cloud. Significant progress
in point cloud classification methods, particularly those using machine learning, has been made in
the last decade.
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Each point of the point cloud carries with it some information either directly measured or
obtained from the data measured by the sensor (XYZ coordinates, RGB color, intensity, echo).
We classify this information as a basic measured feature that gives us information about the point
itself. Furthermore, from the neighbouring points of each point, it is possible to infer geometric
features of the nearby neighbourhood, which can be interpreted as a description of the scanned
object.

The paper by Qi et al. [4] proposes a neural network model working exclusively with the basic
spatial coordinates of the XYZ point cloud, using which the network segments the cloud into semantic
objects. In [5], Stroner et al. use the RGB point cloud information to derive various vegetation indices,
using which they filter vegetation from the point cloud. Atik and Duran [6] use RGB information both
alone and together with derived geometric information from neighbouring points to classify different
types of objects - terrain, buildings, high and low vegetation. Authors Liu et al. [7] classify vegetation
and ground points in lidar aerial point cloud using intensity, elevation, scan angle and distance from
scanner. They also use features calculated from the point's neighbourhood - eigenvalues, normal
vector and geometric features calculated from eigenvalues such as planarity, linearity and
eigenentropy. Chehata et al. in [8] also add to these features information about the order of reflection
(echo) of the lidar beam.

Other studies such as in Weinmann et al. [9, 10] use only the features of the local 3D
neighbourhood computed from eigenvalues to classify and segment the point cloud. They also
discuss the relevance of the individual features and the importance of the correct selection of the 3D
local neighbourhood. In this approach, the type of data collection does not matter, as it does not use
sensor-specific information - RGB color in the case of photogrammetry or reflection intensity and
echo in the case of laser scanning - and is thus generally applicable. Therefore, in this paper we will
focus exclusively on features computed from the 3D neighbourhood of a point.

However, many of these methods have been proposed and tested on idealized datasets that
do not reflect real-world conditions. Real-world data often contains noise, exhibit non-uniform point
densities, and are influenced by measurement conditions or technical limitations of the instruments.
To ensure correct interpretation and efficient processing, these aspects must be considered, and
individual points carefully analyzed based on their local neighbourhood. Therefore, this paper
addresses two key questions: 1) what features can be computed for each 3D point in the point cloud,
and 2) what object properties in the point cloud are represented by these features. We further
analyze feature correlations and propose potential new approaches for their computation.

MATERIALS AND METHODS

Test point cloud

In the point cloud selected for testing (Figure 1), a portion of a railway bridge over a forested
valley is captured. The scene was chosen for its diversity, as it contains both anthropogenic features
such as straight walls, arches and small engineering features, as well as a variety of natural terrain
including trees and slopes. The cloud contains approximately 830,000 points and covers an area of
approximately 1,180 m2. The cloud was created by combining data acquired with a Leica P40 laser
scanner and data acquired by aerial photogrammetry using a DJI Phantom 4 RTK UAV.

Inconsistencies in the distribution of points in the point cloud may arise due to the combination
of the two data collection methods. In order to homogenize the data, the point cloud was subsampled
to 7 cm and since we used a sufficiently large neighborhood when calculating the characteristics,
the differences in methods will not be apparent. The two methods we used are compared in terms
of accuracy in the papers [11, 12], where the authors determined a difference in accuracy of the
methods in the order of centimeters. For the purposes of our testing, such accuracy between point
clouds from different methods is sufficient.

@ DOI 10.14311/CEJ.2025.01.0005 65



Article no. 5

CIVIL
ENCGINEERING THE CIVIL ENGINEERING JOURNAL 1-2025

JOURNAL

Fig. 1 — Test point cloud colored based on elevation

GEOMETRIC FEATURES

3D neighbourhood

Geometric features are used to describe the relationships between neighbouring points in a
point cloud. Therefore, in order to analyze the local 3D structure around a point X using geometric
features, it is important to first define the relevant neighbourhood correctly. There are several
strategies to define this neighbourhood of a point X: based on a fixed number of nearest neighbours,
using a spherical neighbourhood or a cylindrical neighbourhood [8]. The actual neighbourhood is
then the set of points falling within this region, i.e. the "neighbours" of point X, which is shown in
Figure 2.

The choice of the neighbourhood and the extraction of the features interact because the
distinction of the geometric features depends on the relevant neighbourhood into which the 3D points
used for feature extraction fall. Some features may be more pronounced in a wider neighbourhood,
while others will be more evident in a smaller neighbourhood. The choice of neighbourhood size also
depends on the density of the point cloud and its local variations [13].

Fig. 2 — 2D representation of a spherical neighbourhood of a point in a point cloud
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Calculation of local neighbourhood features

Principal component analysis (PCA) is used to calculate the local features of neighbours of
a point in the point cloud. This is a set of unit vectors that give the direction of the lines that best
represent a collection of points. Each i-th vector must be perpendicular to all previous vectors. The
first one is in the direction of the highest variance of the collection. After the influence of the first
vector is removed, the next vector is again found as the direction of greatest variance. The set of
such vectors is orthonormal and points to the directions of the axes of the largest variances of the
collection, which are linearly uncorrelated with each other. The resulting PCA vectors of the data set
are identical to the eigenvectors of its covariance matrix. Its eigenvalues 14, 1,, 1; then indicate the
variance in the direction of these vectors (Figure 3) [14, 15]. For these eigenvalues, it is always the
case that 1; > 1, > A;. In practice, singular value decomposition (SVD) is used to compute the
eigenvalues from the covariance matrix [14].

Fig. 3 — A general ellipsoid characterizing the shape of the point's neighbourhood with
a representation of the eigenvalues and eigenvectors

Features based on eigenvalues and eigenvectors

Based on this description of a point's neighbourhood, also known as the 3D structure tensor,
the derived neighbourhood features can be calculated.

The program for loading point clouds and calculating characteristics was developed in Python
using the CloudComPYy library. For the calculations, a neighbourhood of 0.5 m was chosen. The
examined features are as follows:

Planarity
The value of planarity in the local neighbourhood can be calculated using the Equation 1:

A2 =23
P = FR (1)
This feature describes how closely the distribution of points in the local neighbourhood
approximates a plane, as shown in Figure 4 a). Red indicates the highest planarity values (e.g.,
bridge structure walls), while blue and green shades represent lower values (e.g., vegetation). This
visual distinction makes it possible to differentiate planar surfaces from more complex, less planar
structures.

Linearity

The linearity in the chosen neighbourhood of the point can be calculated according to
Equation 2:
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This feature determines how much the surrounding points are aligned along a straight line.
When 4, and A5 are small, it indicates that the points are stretched significantly in one direction.
Elements with high linearity are highlighted in red in Figure 4 b). This is the most noticeable on the
tree trunks and the technical equipment at the top of the bridge.
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Fig. 4 — Test point cloud colored based on: a) Planarity, b) Linearity
Sphericity
The formula for calculating the sphericity in the local neighbourhood of a point is Equation 3:
A3
S = R (3)

Sphericity describes the degree to which the points in the neighbourhood are distributed in
all directions. In Figure 5 a), blue represents areas with lower sphericity, while green indicates higher
values. The bridge structure appears mostly in dark blue, as expected, because it consists of linear
and planar surfaces where the points are not uniformly distributed in all directions but are
concentrated in certain directions. In contrast, trees and vegetation show more directionally
dispersed points, as the leaves and branches create an irregular, three-dimensional structure.
However, the boundary between these two types of features is not entirely clear.

Anisotropy
The value of anisotropy in the local neighbourhood can be calculated using Equation 4:

A= 2s
. 4
T 4)

This feature indicates how much the points are arranged along a dominant direction (high
anisotropy) compared to a uniform distribution in all directions (low anisotropy). High anisotropy
values are present where the points are more linearly distributed (e.g., along one direction).
In Figure 5 b), high anisotropy values are visualized in red, highlighting regions with a distinct
directional arrangement of points, which typically correspond to engineering structures. In contrast,
vegetation exhibits variable anisotropy, reflecting its more complex geometry.

A=
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Fig. 5 — Test point cloud colored based on: a) Sphericity, b) Anisotropy
Omnivariance

We can calculate the omnivariance using Equation 5:

0= 3‘/111213. (5)

This feature shows the distribution of points in different directions and is shown in Figure 6 a).
When 14, 1,, and A3 are similarly large, the omnivariance is higher, indicating a uniform distribution
of points. Omnivariance captures the size and scale of the point distribution, relying solely on the
magnitude of the eigenvalues.

Eigenentropy
The formula for calculating eigenentropy in a local neighbourhood of a point is Equation 6:
E = _Z?=1/1i ln/ll-. (6)

Eigenentropy indicates the degree of "chaos" or uncertainty in the distribution of points.
A higher value suggests a more uniform distribution (Figure 6 b)). Unlike omnivariance, eigenentropy
is scale-independent and focuses on the relative relationships between the eigenvalues, rather than
their absolute magnitudes.
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Fig. 6 — Test point cloud colored based on: a) Omnivariance, b) Eigenentropy

Surface variation
Surface variation can be calculated according to Equation 7:
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VS A, + A (7)

Surface variation describes the deviation of neighbouring points from the plane in a given
local neighbourhood, indicating how smooth or rough a surface is. Values close to zero mean the
points lie nearly in a plane, while higher values indicate a rough or irregular surface. In Figure 7 a),
the main structure of the bridge is predominantly blue, suggesting that the bridge surface is relatively
flat, which aligns with expectations for an engineering structure. The figure also implies a potential
correlation between this feature and sphericity or anisotropy.

Verticality

The verticality value is calculated by subtracting the absolute value of the scalar product of
the unit vector in the direction of the vertical axis and the third eigenvalue 1; from one (Equation 8):

V=1-[0 0 1],25)|. (8)

Verticality ranges from 0 to 1, with a perfect vertical orientation corresponding to a value of 1.
In Figure 7 b), high values are predominantly seen in the vertically oriented bridge walls and the
trunks of larger trees. Conversely, low values are found mainly in points located on the horizontal
surface beneath the bridge and in points forming the bridge deck.
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Fig. 7 — Test point cloud colored based on: a) Surface variation, b) Verticality

PCA1
PCA1 equals to a division of the first eigenvalue 1, and sum of all eigenvalues (Equation 9):
pCAl= — (9)
M+ A+ 23

A high value (max. 1) indicates that the surrounding points are concentrated in one direction,
corresponding to linear structures (e.g., trunks, wires). In this case, the wires above the bridge deck
and some tree branches are particularly noticeable in the point cloud. Conversely, low values
suggest that the surrounding points are not primarily aligned in one direction, which can be seen in
Figure 8 a).

PCA2

This feature is very similar to PCA1, the difference being that the dividend in the equation is
A, (Equation 10):

A,
PCA2 = ———. (10)
M+ Ay + A
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Values close to 0.5 (the maximum value) indicate a planar distribution of points in the selected
neighbourhood. As with PCA1, low values suggest the opposite of high values, meaning either
a non-planar or omnidirectional distribution of points (Figure 8 b)).
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Fig. 8 — Test point cloud colored based on: a) PCA1, b) PCA2

Sum of eigenvalues

The sum of eigenvalues in the selected local neighbourhood can be calculated using
Equation 11:

SA = A Ay + As (11)

This feature reflects 3D variance of the neighbouring points. It is the quadratic sum of the
standard deviations in the local 3D neighbourhood. The distinct color boundary between object types
is not clearly defined in Figure 9, where all features are represented in yellow and green.
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Fig. 9 — Test point cloud colored based on Sum of eigenvalues
Other features

Number of neighbours

The number of neighbours specifies the total number of points, n, in the selected
neighbourhood of a given point (Figure 10 a)). As mentioned earlier in the chapter, the choice of
neighbourhood size and type is crucial for the eigenvalue calculation. In this case, a spherical
neighbourhood with a radius of 0.5 meters was selected to calculate all the presented features,
including the number of neighbours.

@ DOI 10.14311/CEJ.2025.01.0005 71



Article no. 5

CIVIL
ENGINEERING
JOURNAL

THE CIVIL ENGINEERING JOURNAL 1-2025

Distance to plane

Distance to plane expresses distance of point X from plane p and can be calculated using
Equation 12:

lax; + by; + cz; + d|
VaZ 1 b2+ 2
where a, b, ¢, d are the parameters of the point-normal equation of the plane, and x;, y;, z; represent
the coordinates of the neighbouring points. The parameters a, b and c correspond to the values of
the normal vector calculated through Singular Value Decomposition (SVD), and the parameter d is
computed using a, b and c along with the coordinates of the center of gravity through which the plane

passes. This feature can be helpful, for example, in identifying noise or low vegetation in point clouds
(Figure 10 b)).

I(X,p) = (12)
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Fig. 10 — Test point cloud colored based on: a) Number of neighbours, b) Distance to plane

Surface density

Surface density expresses the density of points in the surface of a circle of the selected
radius. It can be used to infer the density of points per unit area. In a relative color scale, the feature
appears to be strongly similar to number of neighbours, as can be seen in Figure 11 a). The value
of this feature can be calculated according to Equation 13:

Sd = — 13
- (13)

r2

where r is the radius of the local neihbourhood and n is the number of points in the neighbourhood.
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Volume density

Volume density expresses the point density within the volume of the selected
neighbourhood's sphere. It can be used to infer the number of points per unit volume. In a relative
color scale, this feature appears similar to the number of neighbours and surface density features
(Figure 11 b)). The value of this feature can be calculated using Equation 14:

n

vd = ,
%nr3 (14)

where r is the radius of the local neihbourhood and n is the number of points in the neighbourhood.
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Fig. 11 — Test point cloud colored based on: a) Surface density, b) Volume density

Height standard deviation

This feature shows the standard deviation of the heights of all points in the local
neighbourhood. As seen in the Figure 12 a), it can be used to distinguish between horizontal, vertical,
and inclined surfaces. The formula for the calculation is described in the Equation 15:

. L=z 5)

where n is the number of points in the neighbourhood, Z; is height of a point of the neighbourhood
and Z is the mean of the heights of all the points in the neighbourhood.
Max height difference

The feature is calculated as the difference between the height of the highest and lowest point
of the neighbourhood. The result is similar to the Height standard deviation and can be used to detect
horizontal surfaces (Figure 12 b)).
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Fig. 12 — Test point cloud colored based on: a) Height standard deviation, b) Max height
difference

FEATURE ANALYSIS

The relationships between the individual features describing the geometric and spatial
properties of the points in the point cloud were analyzed based on the coefficient of determination.
This reflects how well the values of one feature can be explained by the other. The results show the
presence of strong, medium and weak dependencies, see Figure 13.
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Fig. 13 — Coefficients of determination of the examined features

The analysis revealed a complete dependence between anisotropy and sphericity. This result
suggests that both features share common geometric properties of the point cloud, and their
calculation is strongly linked. One hundred percent dependence was also found between
the features number of neighbours, volume density and surface density.
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Strong coefficient of determination was found between anisotropy and surface variation
(0.97), sphericity and surface variation (0.97) or between maximum height difference and height
standard deviation (0.94).

From looking at the point cloud and the distribution of features in it, it was concluded that
some of them do not have significant predictive value for filtering and classifying point clouds. For
example, we have identified omnivariance, sum of eigenvalues, eigenentropy and PCA1 as such.
The features planarity, surface variation, PCA2 and distance to plane may be suitable for
classification and filtering. Some features, which work for example with the height distribution of
points in the neighbourhood, are mainly suitable for creating digital terrain models and for finding
horizontal surfaces. These features include verticality, height standard deviation, max height
difference.

This analysis suggests that some features of the point neighbourhood are redundant, while
others may be of great importance for describing the point cloud.

CHALLENGES AND FUTURE DIRECTIONS

Currently used features calculated from the local 3D neighbourhood of a point work well in
the case of resolution of e.g. flat surfaces and complex objects (vegetation), where the classification
is reliable. The description of a set of points by eigenvectors is in fact a fitting of the points of the
neighbourhood with a plane. However, in the real world, flat surfaces do not often occur and when
we change the scale (the size of the local 3D neighbourhood of a point) we can get more complex
surfaces. Because of this, the difference between the features of each object can then be unclear
and indistinguishable to an automated program. Therefore, when using large neighborhoods, we
suggest fitting the neighbourhood points with a higher order surface and determine the deviations of
individual points from this surface in the direction of the 3rd eigenvector. Such a surface can better
represent the studied object, and for example, noise removal can then be more effective. A possible
limitation of this approach in dense point clouds may be the high demand on computer power when
calculating the surface using the least squares method. It is used for adjustment of the second order
surface parameters according to Equation 16:

— 2 2
Zri = Qg + alxr,i + azyr,i + a3z Xy + AyYr i + anr,iyr,i: (16)

where a, — as are the second order surface parameters and x,.;, y, ;, z,; are the coordinates of the
i-th point in the local neighbourhood, which are rotated for calculation purposes so that their third
eigenvector is identical to the direction of the Z-axis. After alignment, the deviations of the points
from the surface in the direction of the third eigenvector v are calculated and the standard deviation
(Equation 17) is determined from them:

n 2
= |[pi=mYC (17)
5s n—6"

where n is the number of points in the local neighbourhood of the selected point.

Figure 14 shows a scan of a terrain with variable curvature, showing the difference between
a plane and a second order surface representation of the terrain shape. The point cloud is colored
based on standard deviation of deviation of each point from the surface in the direction of the third
eigenvector. It can be seen that rounded shapes stand out when the terrain is fitted with the plane,
but this representation is unsuitable for noise filtering. Because the second order surface adheres
better to the terrain, noise can be removed even in areas with variable curvature.
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Fig. 14 — A point cloud of a terrain with variable curvature colored based on standard
deviation of deviations from: a) a plane, b) a surface of the second order, both fitted to the points of
the neighbourhood with radius of 0.5 m

Another limitation of the calculation of features from the local 3D neighbourhood of a point is
the calculation method used, for example, in the CloudCompare software (paper [16] cited in their
documentation [17]). The coordinates of the points falling within the 3D neighbourhood of the point
of interest are reduced to the center of gravity of the neighbourhood points for computation purposes,
and the eigenvalues and eigenvectors are then related to this center of gravity. This approach is
suitable to describe the point cloud, or parts of it, as a whole. The reduction of a neighbourhood point
to a center of gravity is done according to Equation 18:

N A
Xirea=Xi=Ki K=20 X, (18)
1=

where X; is a point of the neighbourhood, n is the number of points in the neighbourhood.

However, if the purpose of the feature is to determine the probability that a given point is
noise, a different approach must be taken. If the point under study is part of the noise, it is often far
from the center of gravity of the neighbourhood, which is likely to be located on the denser object we
want to preserve. In order to characterize this point more accurately, it is possible to reduce the
coordinates of the neighbourhood to the surveyed point to obtain information related directly to it.
The reduction to the surveyed point is performed according to Equation 19:

Xi,red = X; — Xp, (19)

where Xp is the surveyed point.

Figure 15 shows the difference between the standard deviation (square root of the 3rd
eigenvalue) to the center of gravity and to the surveyed point. The second approach is preferable for
noise filtering.
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Fig. 15— A point cloud of terrain with vegetation colored based on standard deviation of
neighbourhood points in the direction of 3rd eigenvalue calculated from: a) the centre of gravity,
b) the surveyed point

These two approaches can be further explored in the future and could increase the efficiency
of automated filtering and classification of point clouds using neural networks and other types of
machine learning.

CONCLUSION

This paper has provided a comprehensive review of the various features of the local 3D
neighbourhood of a point in a point cloud that are used for data classification and analysis purposes.
Furthermore, the suitability of using each feature to identify different types of objects including noise
in the point cloud was evaluated.

Analysis of the dependencies between these features showed that some of them exhibit
strong correlations with each other, suggesting the possibility of simplifying their use for data
classification and filtering. For example, the strong correlation between anisotropy and sphericity
indicates their interdependence. The use of only one of them can lead to an optimization of the
selection of the most appropriate point cloud classification parameters.

Even though in the description of characteristics we reference several connections between
the characteristics and the artificial or natural objects, we do not believe that these connections can
be universally applied. The results of classification are always influenced by factors such as the
nature of the data, the chosen scale or the level of noise.

New approaches proposed in this article could lead to more efficient classification and filtering
of point clouds in the future. One of them is the use of a higher order surface for determining outliers
in the neighbourhood. This approach could help remove noise in complex objects. Another new
approach is to reduce the coordinates of the neighbouring points to the surveyed point rather than
to the center of gravity of the neighbourhood. This makes it possible to obtain a characterization of
the surveyed point with respect to its neighbourhood, not of the neighbourhood as a whole. These
two new approaches should be the subject of further research.
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LIST OF SYMBOLS

3D — three-dimensional

X, Y, Z — point coordinates

RGB - red-green-blue color

PCA - principal component analysis
SVD - singular value decomposition
A; — i-th eigenvalue

COG - center of gravity

STD - standard deviation
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