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Abstract

The boundaries of planar building components characterize the structural outline of build-
ings and are of great importance in applications such as indoor model reconstruction
and localization. However, traditional methods for extracting boundary points of planar
building components from point clouds are often constrained by high computational com-
plexity, limited efficiency, and insufficient accuracy. To address these challenges, this paper
presents a rapid algorithm for the direct extraction of boundary points from point cloud
data. The algorithm first performs planar fitting and projects all points onto the fitted
plane to mitigate the influence of outlier noise. Next, for each point in the point cloud, a
plane is constructed perpendicular to the existing plane points. Coarse boundary points are
identified by counting the neighboring points on one side of this plane, which effectively
eliminates most of the interior points. Finally, a boundary detection zone is defined for
each coarse boundary point and its neighboring points. The precise boundary points are
extracted by counting the number of points within this defined region. Experimental
validation indicates that our algorithm can extract boundary points of planar building
components from point clouds both accurately and efficiently, with notable robustness
against noise.

Keywords: point cloud; boundary points; planar building components; boundary detection

1. Introduction

In recent years, with the rapid development of 3D laser scanning technology, building
point cloud data acquired by this technique has the advantages of being unaffected by
weather conditions and providing rich detail information, making point clouds widely
applied in fields such as realistic 3D reconstruction, smart city development, and disaster
management [1]. Artificial buildings are typically composed of planar components such as
walls, floors, and roofs. Accurate extraction of boundary point data for planar components
is essential for achieving high-precision reconstruction of building models. As a critical
feature for building model reconstruction, the extraction accuracy of boundary points
directly affects the final reconstruction quality of the model. Traditional extraction of
boundary points for planar building components largely relies on manual measurement,
which is time-consuming and inefficient. In contrast, automated boundary point extraction
based on point cloud data offers significant advantages. However, existing methods still
generally suffer from high computational complexity, insufficient efficiency, and limited
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accuracy, making them unable to meet the practical requirements for rapid and high-
precision extraction of boundary points of planar building components. Therefore, it is of
great significance to research and develop an efficient and reliable method for extracting
boundary points of planar components from building point clouds.

Recently, numerous approaches have been developed to extract boundary points of
planar building elements from point cloud data. Chen et al. [1] employed the Angle
Criterion (AC) method to directly extract boundary points from point clouds. This method
determines boundary points by evaluating the angles formed between each point and
its surrounding neighbors. While the method is simple and efficient, it is prone to false
detections in complex scenarios. Su et al. [2] applied the Alpha Shapes (AS) method to
directly extract boundary points from point clouds. This approach can effectively identify
boundary points; however, its computational complexity increases rapidly with the size
of the point cloud, resulting in low efficiency when applied to large-scale point clouds.
Awrangjeb et al. [3] extracted boundary points based on Delaunay triangulation, which can
detect both internal and external boundary points. However, constructing the triangulation
mesh is time-consuming, leading to low efficiency, and the method is highly susceptible to
noise. Zong et al. [4] proposed an indirect approach that first converts the point cloud into
a two-dimensional format, applies image processing techniques to extract the boundaries,
and subsequently maps the results back to 3D space to obtain the boundary points. This
approach inevitably loses some information during the conversion between 3D point clouds
and 2D images, resulting in insufficient accuracy and high computational cost. In summary,
current methods for extracting boundary points of planar building components from point
clouds still fail to achieve an effective balance among efficiency, accuracy, and robustness.

Therefore, this paper proposes a fast algorithm for extracting boundary points of
planar building components from point clouds. The algorithm first performs planar fitting
and projects all points onto the fitted plane to mitigate the influence of outlier noise.
Then, a novel fast method is employed to extract the coarse boundary points of planar
building components from the point cloud. These coarse boundary points include all
true boundary points and a small number of non-boundary points, while eliminating
most interior points. Finally, a new method is proposed to accurately identify the true
boundary points from the coarse boundary points. Compared with existing boundary
point extraction methods, the approach proposed in this paper can extract boundary points
of planar building components with high accuracy while maintaining low computational
complexity, thereby meeting the demand for fast and reliable boundary point extraction.

The structure of this paper is as follows: Section 2 presents the related work on extract-
ing boundary points of planar building components from point clouds. Section 3 describes
the algorithm developed in this work for boundary point extraction; Section 4 provides the
experimental results and analysis of the algorithm; Section 5 concludes the paper.

2. Related Work

The methods for extracting boundary points of planar building components based on
point cloud data are generally divided into indirect and direct [5] approaches.

Indirect methods typically involve converting the point cloud into a two-dimensional
image, utilizing image processing techniques to extract the boundary, and finally mapping
the results back to three-dimensional space to obtain the boundary points. For instance,
Lu et al. [6] first extracted two-dimensional boundary lines from images and then mapped
them to three-dimensional space to obtain boundary points. Yang et al. [7] introduced
an approach that transforms 3D point data to georeferenced feature images and then
extracts boundary points, transforming the point cloud processing problem into an image
segmentation and boundary extraction task to obtain the exterior wall boundary points.
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Lu et al. [8] performed segmentation on the point cloud and then mapped it into a 2D
image, after extracting boundary points in the image, they were mapped back to three-
dimensional space to obtain the boundary points [5]. Lei et al. [9] first generated a binary
image from point clouds to extract coarse boundary points and then combined triangulation
methods to extract precise boundary points; Yang et al. [10] used mobile LiDAR to scan
buildings, converting point cloud data into a 2D image space. They then extracted street
building boundaries through image segmentation and contour tracking. Hu et al. [11]
mapped the point cloud onto several planar surfaces, extracted the boundary lines in
the corresponding 2D planes, and then converted them to 3D space to generate the final
boundary line segments. Zong et al. [4] partitioned the point clouds into separate planes,
converted planar point clouds into images, detected 2D boundary segments in images, and
obtained 3D segments via backprojection. However, indirect methods risk information
loss during 3D-to-2D conversion, yield imprecise boundary point extraction, and involve
computationally intensive, inefficient backprojection processes.

Direct methods, on the other hand, extract boundary points directly from the point
cloud without image conversion. For instance, Sampath et al. [12] first segmented the
building point cloud data and then extracted the boundary points using a convex hull
method; Pu et al. [13] first segmented building point clouds into facades and then generated
triangular irregular networks (TINs) from the facade point clouds to extract boundary
points; Boulaassal et al. [14] employed an enhanced RANSAC algorithm to segment facade
components from building point clouds and extract their inner and outer boundary points;
Hackel et al. [15] designed a contour detector to extract building contours from point clouds,
using a classifier to predict the probability of points lying on the contour for boundary point
extraction; Su et al. [2] initially separated the roof planar components from building point
clouds and subsequently employed the Alpha Shape algorithm to determine the boundary
points of the roofs. Huan et al. [5] fitted planes to domain points within building point
clouds and extracted boundary points using an angular difference method; Ke et al. [16]
proposed an adaptive tracking Alpha Shape algorithm for extracting roof plane point cloud
boundary points; Lin et al. [17] and Tian et al. [18] both segmented point clouds into planes,
then extracted boundary points using the alpha Shape algorithm; Bendels [19] proposed
a method for detecting point cloud boundaries using angular features of neighborhood
points, calculating angle values between neighborhood points and extracting boundary
points based on maximum angles; Chen et al. [1] projected neighborhood points onto local
planes and detected point cloud boundary points using angular differences; Wei et al. [20]
proposed a dual-parameter Alpha Shape method to obtain boundary points of planar
building components from point clouds. Two radius parameters were set: a larger radius
was first used to extract coarse boundary points, followed by a smaller radius to obtain finer
boundary points. Awrangjeb et al. [3] employed the Delaunay triangulation technique to
extract building boundary points from point clouds. Although this approach is capable of
accurately extracting boundary points, its efficiency is low because generating a triangular
mesh from point clouds is time-consuming.

3. Boundary Point Extraction Algorithm

Boundary points constitute a small fraction of the overall point cloud model, and
applying a complex algorithm to ascertain which points are boundary points requires
considerable time. To achieve the rapid extraction of boundary points, this paper proposes
an algorithm for rapidly extracting boundary points of planar building components from
point clouds. The workflow of the algorithm is illustrated in Figure 1. The proposed
algorithm mainly consists of three steps. The first step is plane fitting and projection. The
point cloud is fitted to a plane, and all points are projected onto it to reduce the influence
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of outlier noise on boundary point extraction. The second step is coarse boundary point
extraction. A simple and fast algorithm is utilized to extract the coarse boundary points
of planar building components, retaining all true boundary points while removing most
non-boundary points. The third step is precise boundary point extraction, where the true
boundary points are accurately identified from the coarse boundary points.

Output the

Figure 1. Algorithm Flowchart for Extracting Boundary Points from Point Clouds.

3.1. Point Cloud Plane Fitting and Projection

This algorithm aims to extract boundary points of planar architectural components
from point clouds. Outlier noise frequently exists in planar point clouds generated from
building scans, necessitating preprocessing before boundary point extraction. Specifically,
the point cloud undergoes planar fitting using the least squares method, followed by
projection onto the fitted plane. This effectively mitigates the interference of outlier noise
on subsequent boundary point extraction. The process of point cloud plane fitting and
projection is as follows:

Denote the point cloud as P(x;, y;, z;), with the plane equation of the point cloud given
by Equation (1).

ex+ fy+gz+h=0. (1)

When g is not equal to zero, dividing both sides of Equation (1) by g yields Equation (2).

ety @

F=-landG= —g into Equation (2) yields Equation (3).

Substituting E = — 3

e
gl
z=Ex+Fy+G. 3)

The distance d; from a point P(x;, y;, z;) to the plane is given by Equation (4). For multi-
ple points, the total sum of squared distances is expressed by Equation (5). To determine the
optimal plane, this sum of squared distances must be minimized. Since the denominator
in Equation (5) is positive, the minimization is independent of the denominator, and it is
sufficient to minimize the numerator g, whose expression is given in Equation (6).

B |Ex; + Fy; + G — z;]

d; 4
’ VE2+F2+1 @
1 " (Ex; + Fy; + G — z;)?
Zdz — Z ( i i i (5)
o L~ B 2y R
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n
q= Z(Exi-l-Fy,'-i-G—Zi)z. (6)
i=0
Consider g as a quadratic multivariate function of E, F, and G. The minimum of such a
multivariate function occurs at the point where all its partial derivatives vanish. Therefore,
by taking the partial derivatives of ¢ with respect to E, F, and G and setting them to zero,
Equation (7) is obtained.

J
S =2Y" (Ex;+Fy;+ G —z)x; =0

X =2y (Exi+Fyi + G —z)y; =0 )
d

& =200 (Exi+Fyi+G—z) =0

By converting Equation (7) into matrix form, Equation (8) is obtained.

Laxr o Yhgwyi Y X E Yiiq xizi
Yy Yiayr o Y F | =| Xz (8)
Y X Y1y n G i—1Zi

Solving the system of Equation (8) yields the specific values of E, F, and G, thus determining
the plane equation. Substituting H = —1 into Equation (3) yields the plane Equation (9).

Ex+Fy+Hz+G=0. 9)

Let P¢(xt,yt,z¢) denote the projection of P(x;,y;,z;) onto the plane, with the vector
PP; perpendicular to the plane, defined as PP; = (x; — x;, ¥t — yi, 2t — z;). According to the
plane equation (Equation (9)), the normal vector of the plane is n = (E,F,H). Since i is
parallel to ﬁ, Equation (10) is obtained.
E F H

= = . (10)
X=X Ye—VYi Zt—Z

From Equation (10), the expressions for y; and z; are obtained as shown in
Equations (11) and (12), respectively.
yr = = (xt = xi) + . 11

Zy = (xt - xi) + z;. (12)

Mz mm

~

Substituting Equations (11) and (12) into Equation (9) yields Equation (13).
xy=(FP+ H?) xx; —Ex (Fxy; + Hx z+ G)/(E? + F> + H?) (13)
Substituting Equation (13) into Equation (11) yields Equation (14).
yr = (B> + H?) xy; — F x (Ex x; + H x z; + G) / (E? + F> 4+ H?) (14)
Substituting Equation (13) into Equation (12) yields Equation (15).

zt = (E24+ F?) x x; — H x (E x x; + F x y; + G) / (E* + F> + H?) (15)

The projection P:(x¢, y¢, z¢) of point P;(x;,y;,z;) onto the plane can be computed ac-
cording to Equations (13)—(15).
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3.2. Extraction of Coarse Boundary Points

In a point cloud, the majority of points do not belong to the boundary, with only a
small fraction representing boundary points. Evaluating every point in the point cloud with
a complex algorithm to identify boundary points can lead to considerable computational
expense. Therefore, this study first employs a coarse boundary point extraction step to
rapidly eliminate most non-boundary points, retaining only potential boundary points.
This approach substantially reduces the computational overhead of subsequent precise
boundary point extraction. The method for extracting coarse boundary points involves
constructing a plane perpendicular to the entire point cloud for each point and classifying it
as a coarse boundary point based on the number of neighboring points located on one side
of this plane, thereby effectively removing the majority of interior planar points. Figure 2
illustrates the plane C; perpendicular to the point cloud. When point P is a boundary point,
all its neighborhood points lie on the same side of plane C;.

Figure 2. Illustration of point P and its neighborhood orthogonal to plane C;.

The procedure for extracting coarse boundary points is as follows:

Let a point in the point cloud be denoted as P, and the n neighboring points within
radius r around P be represented as R(po, p1, P2, --., pn—1)- Calculate the centroid O of the n
neighboring points of point P using the following Equation (16).

1 n
0="Yn (16)
i=0

Determine the perpendicular plane C;. Compute the vector ﬁ The plane C; is
orthogonal to PO and passes through point P. Consequently, the normal vector 7(;1 of the
perpendicular plane C; can be computed using Equation (17).

- = . 17
TR0 )

—
Compute the point count on one side of plane C;. The vector Pp, points from point P
to domain point R(po, p1, P2, - Pn—1)- Using Equation (18), the dot product between vector
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P?;n and vector 7@ yields the result M. When a domain point lies on one side of the
plane, M, is greater than 0. Let num denote the number of instances where M,, is greater
than 0. .

M, = Ppy- ¢, (18)

Determination Method for Coarse Boundary Points. Let k denote the proportion of
num

points on one side of plane C; relative to the total points in the neighborhood, with k = ==
A larger k indicates a greater number of points on one side of plane C;. When k exceeds
a certain threshold, the point P can be regarded as a coarse boundary point. To enhance
the discriminative capability of k, it is nonlinearly mapped using Equation (19) to obtain
the result /1. This mapping amplifies the numerical differences between small and large
k values, thereby enhancing the discriminability of boundary features. Let ¢ denote the
distance from point P to the centroid O of its neighboring point cloud. When point P lies
in a boundary region, the value of c is typically larger. Therefore, by multiplying ¢ with
h1, a combined indicator /; is obtained, as shown in Equation (20). This indicator further
amplifies the numerical differences between boundary and non-boundary points, thereby

enhancing the discriminative capability of coarse boundary points.

1

)

(19)

By = hy x ¢ (20)

To determine the discriminative threshold ¢, the parameter k is set to 0.7, and a point
is considered a potential boundary point if the proportion of points on one side of the
plane within its neighborhood exceeds 0.7. Let a point cloud model consist of N points.
Compute the distance from each point to the centroid of its neighboring points, and sort the
distances in ascending order to obtain the sequence S = {sl, $2,583,...,5 N}. The distance
at the position corresponding to 0.7N in the sequence is then taken as the value of ¢, i.e.,
¢ = sp7N- Substituting k = 0.7 and ¢ = sg 7y into Equations (19) and (20), the threshold t is
calculated. Point P is classified as a coarse boundary point if /i exceeds t; otherwise, it is
not considered a coarse boundary point.

3.3. Extraction of Precise Boundary Points

In contrast, while precise boundary point extraction methods are more complex than
coarse boundary point extraction methods, they enable more accurate boundary point
extraction. Since most non-boundary points have already been removed in Section 3.1,
only a small number of points require complex algorithmic evaluation to extract precise
boundary points. This significantly reduces the time required for boundary point extraction.
The specific method for extracting precise boundary points is as follows. For each target
point P within the extracted coarse boundary points, a boundary detection region is defined
using its neighboring points, and P is classified as a boundary point based on the number of
neighbors contained within this region. In the point cloud plane, n neighboring points of the
target point P are identified within a radius 7, denoted as A = {A;, Az, ..., A, }. Boundary
detection regions are then constructed sequentially for point P using each neighbor in
A. If a boundary detection region contains no neighboring points, point P is identified
as a boundary point, and the construction of the remaining boundary detection regions
is terminated. An example boundary detection region PA,BC constructed from point P
and one of its neighboring points A, is shown in Figure 3. The following describes the
method for constructing the boundary detection region PA, BC, as well as the procedure
for determining whether the neighboring points of P within this region.
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Figure 3. Schematic illustration of point P, its neighboring points, and the boundary detection region.
In the figure, the red point represents P, the blue points represent P’s neighboring points, and the
green points B and C represent points obtained through the construction of the boundary detection
region PA, BC.

To more clearly illustrate the method for constructing the boundary boundary de-
tection detection boundary detection region PA, BC, the region is drawn separately. The
intersection D of the extended lines BA and CP, the midpoint I of PA, and the midpoint N
of BC are marked, and a line connecting points N and D is drawn, as shown in Figure 4.

The steps for constructing the boundary detection region PA, BC, formed by point P
and its neighboring point A, are as follows:

The coordinates of midpoint I are calculated according to Equation (21).

P+ A,

I
2

(21)
The length of segment ID and the coordinates of point D were calculated. As described
in Section 3.1, the normal vector of the point cloud plane 71 has been determined, oriented
perpendicular to the plane and pointing upwards. The angle B and the length of IN
are set, with 0 defined as g — 90°. The directional vector 3 of ID is first calculated
according to Equations (22) and (23), followed by the computation of the length of ID using
Equation (24). The coordinates of point D are then determined from Equation (25).

—
72 = 71 X PA;, (22)
n

772
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ID = 24
tan 6 (24)
D=1+73xID (25)

Determine the coordinates of points B and C. The length of DB is calculated ac-
cording to Equation (26). Since DC has the same length as DB, its length can also
be determined. Subsequently, the coordinates of points B and C are computed from
Equations (27) and (28), respectively.

_ID+IN

DB (26)
cos 6
—
B=D+ DAy e DB (27)
B
C=D+ E eDC (28)

b7

Connect points P, A, B, and C to form the boundary detection region PA,,BC.

B N o C

Figure 4. Schematic diagram of the constructed boundary detection region PA,BC. Point D is the
intersection of the extended lines BA and CP, point I is the midpoint of PA, and point N is the
midpoint of BC.

After constructing the boundary detection region PA, BC, it is possible to determine
whether the neighboring points of P lie within this region. The steps for determining
whether P’s neighboring points are inside the boundary detection region are as follows:

Calculate the angle &, between vector DA, and vector DI, as well as the projection
length I, of vector DA,, o_nt)o vector DI. Here, A;, denotes all neighboring points of P
excluding point A, and DA, is the vector pointing from point D to point A;,. The angle
&y, is computed according to Equation (29), and the projection length I, is obtained using

Equation (30).
DA, e [7;
Ay = arccos ‘

T
oA

]
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Lu = DAy e (—75) (30)

If ay, exceeds 0, it indicates that there are no neighboring points within the boundary
detection region PA, BC, and point P is classified as a boundary point. Similarly, if &, is less
than 6 and [, is either less than ID or greater than DN, this also indicates the absence of
neighboring points within PA,BC, and point P is again considered a boundary point. Oth-
erwise, if all boundary detection regions constructed between point P and its neighboring
points contain neighboring points, point P is classified as a non-boundary point.

4. Experimental Results and Analysis

In this section, we present the experimental results of the algorithm introduced for
extracting boundary points of planar building components from point clouds, along with
an analysis. Meanwhile, the proposed algorithm is evaluated against the Angle Criterion
(AC) method and the Alpha Shapes (AS) method. The Angle Criterion (AC) method [1,5,19]
and the Alpha Shapes (AS) method [2,16,17,20-24] are classical boundary point extraction
algorithms that have been widely applied to boundary point extraction in the field of point
clouds [25].

In the experiments, planar building components from the indoor 3D point cloud
dataset S3DIS [26] were used as test objects. S3DIS is a publicly available dataset released
by Stanford University. All implementations were carried out on a computer equipped
with 24 GB RAM and an Intel i5-12400 processor, running Windows 10, with PyCharm
2022.1.2 (Community Edition) as the development platform.

4.1. Experimental Results

In this study, planar building components such as walls and roofs were selected from
the S3DIS indoor point cloud dataset as experimental samples. Voxel downsampling was
applied to the point clouds to reduce data volume. Figure 5 illustrates the outcomes of the
proposed algorithm, where green markers indicate interior points of planar components
and red markers correspond to boundary points. As shown in the figure, the proposed
method effectively distinguishes and extracts both interior and exterior boundary points of
the model, demonstrating strong performance.

The effectiveness of the algorithm in extracting boundary points was evaluated by
comparing it with the Angle Criterion (AC) and Alpha Shapes (AS) methods. Figure 6
illustrates the outcomes of boundary point extraction for the three methods on Models 1-4.
The figure demonstrates that the proposed algorithm outperforms the AC and AS methods
in extracting both interior and exterior boundary points from the point cloud models.
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Figure 6. Boundary point extraction results for Models 2—4 using three methods. Panels (a,c,e) present
the results of the proposed algorithm; (g,i k) present the results obtained by the Angle Criterion
method; and (m,0,q) present the results obtained by the Alpha Shapes method. The local magnified
views are as follows: (b,d,f) correspond to (a,c,e); (h,j,1) correspond to (g,i,k); and (n,p,r) correspond
to (m,0,q).
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4.2. Accuracy Analysis of Boundary Point Extraction

To assess the precision and reliability of the proposed algorithm in boundary point
extraction, its results are evaluated using three metrics: completeness (CP), correctness
(CR), and quality (Q) [27]. Their calculation formulas are given in Equations (31)—(33) [28].

TP

P= —— — 1

P = 17 7 1FN| G1)
_|TP|

CR= 17+ |FP| (52)

Q TP (33)

= |TP[+ |[EN| + |EP]

In these metrics, TP denotes the number of actual boundary points that are correctly
recognized as boundary points, FN denotes the number of actual boundary points that
are incorrectly recognized as non-boundary points, and FP refers to the number of falsely
extracted boundary points [17]. The proposed algorithm was applied to extract boundary
points from Models 1 through 4, and the computed values of completeness (CP), correctness
(CR), and quality (Q) [27] are presented in Table 1. Across all models, the CP, CR, and Q
metrics remain above 90%, confirming that the algorithm provides accurate and robust
detection of boundary points within point clouds.

Table 1. Completeness (CP), Correctness (CR), and Quality (Q) of Boundary Point Extraction for
Models 1-4 Using the Proposed Algorithm.

Model 1 Model 2 Model 3 Model 4
CP(%) 94.6% 96.6% 98.3% 92.8%
CR(%) 98.9% 98.7% 98.7% 98.9%
Q%) 93.6% 95.4% 97.0% 92.0%

Furthermore, Table 2 presents the CP, CR and Q metrics of the Angle Criterion (AC)
and Alpha Shapes (AS) methods on Models 1 and 4, alongside a comparison with the
proposed algorithm. The comparison demonstrates that, relative to the other methods, the
proposed algorithm achieves higher CP and Q values for Models 1 and 4, confirming its
superior reliability in boundary point extraction.

Table 2. The CP, CR, and Q metrics of the three methods applied to boundary point extraction in
Models 1 and 4.

Model 1 Model 4
CP (%) CR (%) Q (%) CP (%) CR (%) Q (%)
AC 86.9% 100% 86.9% 85.6% 99.8% 85.5%
AS 90.1% 100% 90.1% 86.3% 99.8% 86.2%
Our 94.6% 98.9% 93.6% 92.8% 98.9% 92.0%

4.3. Noise Resistance Analysis

To evaluate the noise-resilience of the proposed algorithm, zero-mean Gaussian noise
with standard deviations of 10% and 20% of the average point distance [29] was added
to the point cloud models. Subsequently, boundary points were obtained from the point
cloud models with varying noise levels, and the accuracy of the extracted boundary points
was analyzed. Figure 7 presents the boundary point extraction outcomes of the proposed
method on Model 5 under noise-free and noisy conditions. The figure illustrates that the
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algorithm can accurately extract the boundary points of Model 5 at different noise levels,
demonstrating its strong noise-resistance capability.

Figure 7. Boundary Point Extraction Results of the Proposed Algorithm on Noise-Free and Noisy
Point Clouds of Model 5. (a) Noise-free Model 5; (e,i) Model 5 with zero-mean Gaussian noise, with
standard deviations of 10% and 20% of the average point spacing, respectively; (c,g k) present the
boundary points extracted from (a,e,i), respectively; (b,f,j) present the local magnified views of (a,e,i),
respectively. (d,h,1) present the local magnified views of (c,g k), respectively.

In order to quantitatively assess the noise robustness of this algorithm, the complete-
ness (CP), correctness (CR), and quality (Q) [30] of boundary point extraction from the
noisy point cloud of Model 5 were computed. The corresponding results are presented
in Table 3. Table 3 indicates that the completeness, correctness, and quality of extracted
boundary points decrease slightly as the intensity of Gaussian noise increases, with the
majority of CP, CR, and Q values remaining above 90%. These results indicate that the pro-
posed algorithm achieves reliable and accurate boundary point extraction while showing
strong resilience to noise.
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Table 3. The CP, CR, and Q results for the boundary point extraction of Model 5.
Zero Noise 10% Gaussian Noise 20% Gaussian Noise
CP (%) 95.1% 94.8% 93.1%
CR (%) 100% 99.1% 95.6%
Q (%) 95.1% 94.0% 89.3%

4.4. Efficiency Analysis of Boundary Point Extraction

To analyze the efficiency of the proposed algorithm in extracting boundary points of
planar building components from point clouds, this section presents the time (in seconds)
required by the algorithm to extract the boundary points of Models 1 to 4. The extrac-
tion times of the Angle Criterion (AC) algorithm and the Alpha-Shape (AS) algorithm
for Models 1 to 4 are also provided. The proposed algorithm was compared with other
algorithms. As shown in Table 4, compared with the other methods, the average extraction
time of the proposed algorithm is reduced by 60% compared to the Angle Criterion method
and by 78% compared to the Alpha Shapes method. The proposed algorithm requires the
least time, demonstrating faster execution and higher efficiency.

Table 4. Boundary point extraction times of the three methods for Models 1 to 4.

Model 1 Model 2 Model 3 Model 4 Total Time
T (AC) 1.054 1.632 1.413 3.083 7.182
T (AS) 1.835 3.068 2.415 5.668 12.986
T (ours) 0.476 0.689 0.646 1.045 2.856

5. Conclusions

This paper proposes an algorithm for extracting boundary points of planar building
components from point clouds. The algorithm performs boundary point extraction through
three steps: plane fitting, coarse boundary extraction, and precise boundary point iden-
tification. Experimental results demonstrate that the proposed algorithm achieves over
90% in completeness (CP), correctness (CR), and quality (Q) when extracting boundary
points of planar building components. This indicates that the algorithm can effectively
extract point cloud boundary points with high accuracy and reliability. Comparative ex-
perimental results demonstrate that the proposed method achieves higher accuracy in
boundary point extraction than both the Angle Criterion method and the Alpha Shapes
method. In addition, the average extraction time of the proposed method is reduced by
60% compared to the Angle Criterion method and by 78% compared to the Alpha Shapes
method. These experimental results indicate that the proposed method can extract the
boundary points of planar building components with high accuracy while maintaining
high computational efficiency, demonstrating excellent performance. However, a limitation
of the present work is that the algorithm’s performance in extracting boundary points of
planar building components may be affected under high-noise conditions. Future research
will focus on enhancing the algorithm’s noise robustness and exploring its extension to
boundary point extraction for non-planar point cloud components.
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