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Abstract: Because of the complex structure and different shapes of building contours, the uneven
density distribution of airborne LiDAR point clouds, and occlusion, existing building contour extrac-
tion algorithms are subject to such problems as poor robustness, difficulty with setting parameters,
and low extraction efficiency. To solve these problems, a building contour extraction algorithm based
on multidirectional bands was proposed in this study. Firstly, the point clouds were divided into
bands with the same width in one direction, the points within each band were vertically projected on
the central axis in the band, the two projection points with the farthest distance were determined,
and their corresponding original points were regarded as the roof contour points; given that the
contour points obtained based on single-direction bands were sparse and discontinuous, different
banding directions were selected to repeat the above contour point marking process, and the contour
points extracted from the different banding directions were integrated as the initial contour points.
Then, the initial contour points were sorted and connected according to the principle of joining the
nearest points in the forward direction, and the edges with lengths greater than a given threshold
were recognized as long edges, which remained to be further densified. Finally, each long edge
was densified by selecting the noninitial contour point closest to the midpoint of the long edge,
and the densification process was repeated for the updated long edge. In the end, a building roof
contour line with complete details and topological relationships was obtained. In this study, three
point cloud datasets of representative building roofs were chosen for experiments. The results show
that the proposed algorithm can extract high-quality outer contours from point clouds with various
boundary structures, accompanied by strong robustness for point clouds differing in density and
density change. Moreover, the proposed algorithm is characterized by easily setting parameters and
high efficiency for extracting outer contours. Specific to the experimental data selected for this study,
the PoLiS values in the outer contour extraction results were always smaller than 0.2 m, and the
RAE values were smaller than 7%. Hence, the proposed algorithm can provide high-precision outer
contour information on buildings for applications such as 3D building model reconstruction.

Keywords: building outer contour; multidirectional bands; average point spacing; airborne LiDAR
point clouds; building roof contour extraction

1. Introduction

Buildings are important elements in City Information Modeling (CIM), and building
contours have been widely applied in high-precision 3D building model reconstruction [1],
building detection [2], urban planning [3], and building coverage statistics [4]. As an
expression of 3D digitalization in the real world, point cloud data can preserve the original
geometric structure of scanning data compactly and flexibly [5-7]. How to accurately and
efficiently extract the contour information of buildings from point cloud data has become
an urgent problem to be solved. Existing building roof contour extraction algorithms based
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on point cloud data can be roughly divided into two types: indirect extraction method and
direct extraction method.

As for the indirect extraction method, the point cloud data are firstly interpolated and
transformed into a depth image, followed by the detection of building contour lines for
the depth image using such classical operators as Canny [8] and Sobel [9] in the image
processing field. These algorithms need to transform 3D point cloud data into 2D raster
data and detect the building contours using image processing algorithms. Since many
unreal points are generated in the interpolation process of original point cloud data, the
edge tracked after the point cloud data are converted into the depth image is just a rough
boundary of discrete point sets, which leads to the low accuracy [10-12]. In addition, the
resolution of the depth image depends on the grid size [13]. If the grid size is too large, this
will lead to a lack of texture in the depth image making it difficult to extract the building
contour lines with complete structures; a too small grid size will produce too many unreal
points, resulting in the quality decline of point cloud data after interpolation, and the sharp
increase in the time consumed in contour extraction. Thus, it is difficult to determine an
appropriate grid size.

Not needing to convert data, the direct extraction method can be divided into three
categories: Triangulated Irregular Network (TIN)-based extraction method, point cloud
data feature-based extraction method, and machine learning-based extraction method. The
TIN-based extraction algorithms include alpha shapes, convex hull and concave hull [14,15],
among which the most commonly used contour extraction algorithm is the alpha shapes.
The alpha shapes algorithm features simplicity, high efficiency, stable operation, and the
ability to extract the contour of arbitrarily shaped point clouds, but the fineness of the
extracted contours all depends on the global threshold of the rolling ball radius [16]. For
point clouds with large density changes, the method tends to extract broken contour edges
with low adaptability. The algorithm has been improved upon by many scholars, such as
radius-variable alpha shapes [17], adaptive-radius alpha shapes [18], and other improved
algorithms [19-21]. These improved alpha shapes methods all set different rolling ball
radii according to the topological relationship and density of the local point clouds, which
reduces the difficulty of setting manual parameters, but there are still some problems, such
as excessive sensitivity to point clouds with large density variations and false extraction
of internal holes [22,23]. Point cloud data feature-based extraction algorithms include
neighbor point direction distribution [24], Minimum Boundary Rectangle (MBR) [25,26],
and virtual grid [27-30]. Among them, the algorithm for extracting the contour of a
building roof using neighbor point direction distribution is more applicable to buildings
with different point cloud density changes and complex shapes, and it is easier to set the
parameters, but it fails to extract the contour line of a concave area, with relatively low
extraction efficiency. The contour extracted using MBR is a regular right-angled polygon,
which is not suitable for extracting the contour of irregularly shaped buildings and is
relatively less universal. However, the contour points extracted using the virtual grid are
shifted to the interior part of the building due to the influence of the grid size, so the contour
extracted with this algorithm is smaller than the actual point cloud boundary. Machine
learning-based contour extraction algorithms include random forest [31], PCEDNet [32],
and 3-D-GMRGAN [33]. All of them need contour samples made in advance using the
distribution of points in the boundary neighborhood or artificially determined features, the
model trained with existing machine learning algorithms, and the possible initial contour
points predicted using the trained model. Most of the initial contour points acquired by
machine learning algorithms are point clusters without topological relationships, making
the follow-up direct application difficult. Hence, it is necessary to obtain ideal contour
extraction results through postprocessing [34,35].

In this study, a multidirectional-band-based building roof contour extraction algorithm
for point clouds was proposed in an effort to solve the problems related to the sensitivity of
existing point-cloud-based building contour extraction algorithms to point cloud density
changes, difficulty of setting the parameters, low extraction efficiency, and wrong extraction
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of hole boundaries. The proposed algorithm does not depend on the relationship between a
point and one or more neighbor points, but instead, the distribution of all points within the
band was taken into account, which extremely improved the adaptation of the algorithm
to point clouds with large density changes and prevented holes in point clouds from
affecting the extraction results. Meanwhile, different from the point-by-point judgment
method of the existing algorithms, the extraction efficiency of the proposed algorithm was
enhanced with the band as a unit. In addition, the proposed algorithm can adaptively set
the parameters applicable to the current point clouds according to the distance between
points, which reduces the difficulty and sensitivity with setting parameters.

The following chapters of this study are organized as follows: In Section 2, the basic
principles of the proposed algorithm are introduced, specifically including single-direction
banding to extract contour points, the determination of multidirectional banding param-
eters, and the densification and optimization of initial contour points. In Section 3, the
influences of the different parameters on the extraction result of the proposed algorithm
are analyzed, the proposed algorithm is compared with other algorithms through multiple
groups of experimental data, and the superiority of the proposed algorithm in accuracy
and efficiency is verified. In Section 4, the advantages of the proposed algorithm are sum-
marized, and the problems existing in the proposed algorithm and the future work to be
performed are pointed out. In Section 5, the conclusions are drawn.

2. Methods

In this study, the proposed point cloud outer contour extraction algorithm based on
multidirectional bands was mainly divided into three stages: data preprocessing, initial
contour point extraction, and contour point densification and optimization. In the prepro-
cessing stage, the average point spacing was calculated mainly for the following effective
determination of the band width and banding direction; secondly, in the initial contour
point extraction stage, the contour points were determined by single-direction banding,
multidirectional banding extraction and result integration. In the process of single-direction
banding extraction, the points in each band were vertically projected onto the central axis
of the band, and the two points corresponding to the two farthest projection points on the
central axis were determined to be contour points in the band; by changing the banding di-
rection, contour points belonging to different banding directions were repeatedly extracted;
finally, all contour points were integrated to obtain the initial contour points. Thirdly, the
contour point densification and optimization stage specifically included three steps: initial
contour point sorting, long edge determination, and long edge densification. On the basis
of the determination of the initial edge segment, the contour points were sorted according
to the principle of connecting the nearest point in the forward direction; the edge with the
length that was greater than the length threshold was screened out and identified as a long
edge; by selecting the noninitial contour point closest to the midpoint of the long edge in
the neighborhood of the long edge, the long edge was iteratively densified until the length
of each edge on the contour line met the length threshold, and finally a closed building roof
outer contour line with the complete expression of the boundary structure was obtained. A
flowchart of this algorithm is shown in Figure 1.
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Figure 1. Flowchart of building roof’s outer contour extraction.

2.1. Point Clouds Outer Contour Extraction Based on Banding
2.1.1. Contour Points Extraction Based on Single-Direction Banding

Three-dimensional point clouds on the roof of a building are projected onto a two-
dimensional plane. If the point clouds are dense enough, the projected point clouds of
the building roof can be approximated as a polygon composed of discrete points. As
shown in Figure 2a, after the three-dimensional roof point clouds were projected onto a
two-dimensional plane, the contour of the two-dimensional point set could approximate a
polygon, as shown in Figure 2b. If the point clouds were dense enough and the contour
points could be arranged continuously on the contour line, the edges of the polygon were
composed of contour points arranged continuously. For any point cloud whose number
was greater than 1, all of the points contained in it were vertically projected to a straight
line in any direction, and the original points corresponding to the two farthest projection
points were the two edge points of the point cloud, that is, the outer contour points. In
order to extract the continuous contour points of the point cloud, the point cloud can be
divided into n bands with the same width in any direction. Here, the division along the
X-axis direction was taken as an example. As shown in Figure 2c, the smaller the band
width, the greater the number of bands n. All points in each band were vertically projected
onto the central axis in the current band, and the points corresponding to the two farthest
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projection points on the central axis were marked as contour points. By integrating the
contour points in all bands, the coherent contour points of the point cloud in this band
could be obtained. The process is specifically described as follows:

1.  For any band m, as shown in Figure 2d, me1, 2, ..., n; L;; and Ly, are the left and
right banding boundaries of the m-th band, respectively; and Z,, is the central axis in
the m-th band;

2. All points in the m-th band are perpendicularly projected onto the central axis, Z,, to
obtain a point set of the projected points, which is denoted as Py;;

3. The two points with the farthest distance in P,;, are marked as C and D, respectively,
and the two points A and B in the m-th band corresponding to the two points C and D
are marked as contour points belonging to the m-th band;

4. All bands of the point cloud in this area are traversed, the above steps are repeated
for each band, all extracted contour points in each band are added to the contour
point set Q, and all contour points extracted from the point cloud in this area under
single-direction banding are finally obtained.

(@) (b)
Ln  Zn Lm

A c

11213 R A
D B

(©) (d)

Figure 2. Schematic diagram of single-direction banding and contour point extraction: (a) building
roof point cloud; (b) contour polygon; (c) single-direction banding; (d) contour points extracted in
band.

2.1.2. Determination of Band Width

In the process of extracting contour points by banding, the band width, W, is a direct
factor in the determination of the density of contour points. In case of a too small band
width, there will be no points in some bands or the farthest two points projected on the
central axis may be internal points. If the band width is too large, however, the extracted
contour points will be too sparse, and, as a result, the roof contour structure will not be
expressed comprehensively enough. In the process of point cloud data acquisition, the point
spacing will vary due to the differences in the data acquisition equipment, flight heights,
scanning modes, weather environments, and surface reflectivities [36-39]. Therefore, a fixed
band width is hardly applicable to different point cloud data. To reduce the sensitivity of
the algorithm to point spacing and improve the adaptability of the algorithm, the multiple
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of the average point spacing of the projection points was taken as the band width in this
study.

For the calculation of the average point spacing, to improve the efficiency when
calculating, a kd-tree (k-dimensional tree) data structure was used to store the projected
point clouds. Then, k points were randomly selected from the projection points as anchor
points, the point nearest to the anchor points was determined using the nearest neighbor
search method, and the average horizontal distance between all anchor points and their
nearest points was taken as the average point spacing of point clouds.

_ Zi'(:l ¢i
d == 1)
where d is the average point spacing, k stands for the number of anchor points selected, and
e; represents the horizontal distance between the i-th anchor point and its nearest point.
The larger the number of anchor points, k, the more stable the average point spacing is
but the longer time it takes. Considering the above two factors, it is necessary to determine
an appropriate k value. Figure 3 shows the operation’s results at k = 20, 40, 60, 80, 100,
and 120, respectively. For each k value, k anchor points were randomly taken 20 times,
and the average of the nearest point spacing of all of the anchor points was taken as the
true value. Then, the Mean Square Error (MSE) of the point spacing and the average of
the time consumed at each k value were calculated. It can be seen that the mean square
error gradually declined with the increase in the number of anchor points, and the decrease
tended to be gentle at k = 80, but the running time still increased stably, so k = 80 was set
considering both efficiency and algorithm stability.

Mean Square Error Time

0.002
/ 0.0015

Mean Square Error/m
Time/s

20 40 60 80 100 120
The Number of Anchor Points

Figure 3. Mean square error and running time under the different numbers of anchor points.

For the determination of multiples, after obtaining the average point spacing of the
point cloud data, the multiple of the average point spacing was adopted as the band width,
namely, W = N x d, where N is the multiple. Given a point cloud dataset, when W =24 (i.e.,
the twice average point spacing was taken as the band width), the contour point extraction
results for the point cloud are displayed in Figure 4a. The yellow, dotted line is the banding
boundary along the direction of the Y-axis, green and blue points are noncontour points
of different bands, and red points are contour points extracted at a band width W = 2d
under single-direction banding. It can be observed from the figure that many internal
points in the extraction results were marked as contour points, and the extracted contour
points were irregular and distant from the actual contour line, so the band width should be
appropriately adjusted.
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(a) (b)

Figure 4. Contour extraction under single-direction banding with different W: (a) W = 2d; (b) W = 84.
Notes: The yellow line is the banding boundary, the green and blue points are noncontour points of
different bands, and the red points are extracted contour points.

To determine the optimal parameter value for multiple N, the contour point extraction
results under single-direction banding conditions and N = 4, 6, 8, and 10 are listed in
Table 1. Therein, F, is the total number of extracted contour points; F, represents the
number of internal points misclassified as contour points; and F is the misclassification
rate, specifically as seen in Equation (2). As the band width gradually increased, the total
number of contour points and the number of misclassified points gradually declined. The
misclassification rate peaked at N = 8, that is, the best contour points could be extracted
when W = 84 in the case of single-direction banding, as shown in Figure 4b.

_Fn

F
Fm

)

Table 1. Statistics of the contour point extraction results for different N values in the case of single-
direction banding.

N 2 4 6 8 10

Fu 138 70 46 36 28

Fu 30 9 2 1 1
F/% 21.74 12.86 4.35 2.78 3.57

2.1.3. Determination of Banding Direction

In addition to the band width, the quality of the extracted contour points under single-
direction banding conditions was also affected by both the banding direction and the shape
of the original point cloud, which mainly manifested in the following two cases:

1.  When a contour line of the original point cloud is perpendicular or nearly perpen-
dicular to the banding direction, if all points on the contour line exist in a band, and
only two points, at most, in the whole band can be marked as contour points, some
contour points will be missed, which results in too few contour points on the contour
line approximately perpendicular to the banding direction, as shown in areas al and
a2 in Figure 5;

2. Given the local concave contour of the original point cloud, when the concave area is
located in the middle of a single band after banding, the farthest distance between the
projected points is generated by projecting the points located on both sides, which will
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lead to a wide range of missing results in the contour point extraction of the concave
area under single-direction banding conditions, as shown in area a3 in Figure 5.

al

Figure 5. Contour point extraction based on single-direction banding.

To obtain a more complete number of contour points, therefore, the abovementioned
two problems were solved with multidirectional banding, which can avoid the missed
extraction or large-scale omission of contour points.

To ensure the stronger robustness of the multidirectional banding extraction algorithm,
multiple banding directions were designated by means of 360° equal division; meanwhile,
to ensure the more coherent contour points extracted from the point clouds, multidirectional
banding aimed to divide each contour line into multiple bands as much as possible. The
number of bands into which a contour line of fixed length could be divided depended
on the size of the angle between the contour line direction and the banding direction. As
shown in Figure 6, the red line segment, L, ¢, is an any contour line with a known length
and direction; the direction of the black line represents the banding direction; and the
yellow, dotted line is the banding boundary. In Figure 6a, the angle between the banding
direction and the contour line direction is 7, and the contour line is totally divided, in total,
into 4 bands in this case. When 7 = 0°, the contour line is divided into a total of 5 bands,
as shown in Figure 6b. Thus, it can be understood that if the angle 7 is reduced under a
fixed band width, the contour line can be divided into more bands, i.e., the smaller the
angle 77, the greater the density of the extracted contour points on the contour line. On the
contrary, the greater the angle 7, the smaller the density of the extracted contour points,
and the larger the spacing between adjacent contour points.

<

(a)

(b) ()

Figure 6. Influence of the angle between the contour line and banding direction on banding results:
(a) schematic diagram of the bands when # > 0°; (b) schematic diagram of the bands when 1 = 0°;
(c) distance between two adjacent contour points corresponding to the minimum angle 7. The red
line segment, L; ¢, represents a segment of the contour line; the black line represents the banding
direction; and the yellow, dotted lines are the banding boundary.

For multidirectional banding, the contour line L; . can constitute multiple included
angles 1 with different banding directions. According to Table 2, the range of 7 is constant
at 0-90°, and the smallest included angle # therein is recorded as «. At a fixed band width
W, as shown in Figure 6c, the relationship of the distance, S, between adjacent points
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with the included angle, «, can be expressed using Equation (3), and it can be seen that
S increases with the growth in a within the range of 0-90°. Hence, the theoretical value
of the maximum distance, S;;x, between adjacent contour points extracted from an any
single-direction band under multidirectional banding conditions within the value range of
« can be solved via Equation (3). This value is the allowable maximum distance between
adjacent contour points on the contour line extracted through multidirectional banding. If
the distance between adjacent contour points in the extraction result is greater than Sy,
this means that no contour points were extracted in this area under all banding direction
conditions, and there is an extraction loophole.

Table 2. The ranges of « and # corresponding to the different number of banding directions.

Number of Banding Directions 1 2 4 6 8 10
Value range of a/° 0~90 0~45 0~225 0~15  0~11.25 0~9
Value range of 17/° 0~90 0~90 0~90 0~90 0~90 0~90

Taking six-directional banding as an example, as shown in Figure 7, the range of
the angle « between an any banding direction and the contour line is #€[0°,15°]. When
W = 8d and « = 15°, the maximum distance between adjacent contour points in the six-
directional bands can, therefore, be solved as Sy, =~ 8.28d, according to Equation (3), i.e.,
the allowable maximum distance between adjacent contour points on the contour line
under six-directional banding conditions is 8.284. This value can be applied to identify the
long edge generated in the case of contour point extraction loopholes.

W
S= 3
Ccos ( )
AS=S-W (4)
Y
120° 60°
1502 30°
w a X

Figure 7. Maximum distance between two contour points under six-directional banding conditions.

Since the value of S determines the coherence of the contour points on the contour
line and it can be known from Equation (3) that S is always greater than or equal to W,
the difference in the allowable maximum distance between adjacent contour points and
the band width under the different number of banding directions were calculated using
Equation (4) and recorded as AS, the unit of which is a single band width. The smaller
the AS, the more coherent the contour points. When the number of banding directions is
Np=1,2,3,...,10, that is, from a single direction to ten directions, it can be observed in
Figure 8 that AS sharply declines with the increase in the number of banding directions,
and it tends to change gently if the number of banding directions is greater than 6. When
contour points are extracted using the multidirectional banding method, since the same
point may exist in multiple different bands, the same contour point may be extracted
multiple times, and the misclassified points extracted in different bands will accumulate in
the initial contour points, making it inappropriate to use too many banding directions. To



Remote Sens. 2024, 16, 190

10 of 23

ensure that the contour points extracted with multidirectional banding are relatively high
in quality and possess enough density, it is necessary to decrease the interval of the largest
distance between adjacent contour points on the contour line as much as possible while
reducing the number of banding directions, so it is appropriate to set Ny to 5-7.

— ASIW
15

1.2
0.9

0.6

AS/m

0.3

1 2 3 4 5 6 o/ 8 9 10
The Number of Banding Directions

Figure 8. Influence of the different numbers of banding directions on the coherence of the contour
points.

When Nj = 6, six directions—0°, 30°, 60°, 90°, 120°, and 150°—are selected, whereby
0° and 90° are the X-axis direction and the Y-axis direction, respectively. The contour points
extracted based on six-directional banding are shown in Figure 9. Compared with the
contour extraction results obtained by single-direction banding, as shown in Figure 5, the
contour points extracted by the former have better coherence and can express the contour of
the point cloud well. However, some contour points were still not extracted in individual,
small-scale local concave areas, making it necessary to locally densify and optimize the
initial contour points.

Figure 9. Contour points extracted by multidirectional banding. Notes: The red points are extracted
contour points, the green points are inside points.

2.2. Densification and Optimization of Initial Contour Points

In this study, the extracted contour points were connected to construct a complete
contour line, so the density of the contour points determines the fitting degree of the
contour line. For local feature areas with missing extraction of contour points, such as
concave areas with feature inflection points, if the distance between connected contour
points is greater than the maximum tolerable distance, Sy, it is considered that there will
be some deviation between the fitting edge and the real edge. Hence, the contour points in
this area should be densified and optimized using the nearest neighbor search method.

2.2.1. Sorting of Contour Points

The initial contour points extracted by six-directional banding are disordered, without
topological relationships between points. In order to facilitate the subsequent densification
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of contour points, it is necessary to sort the initial contour points first and establish the
topological relationships between the points so that the initial contour points form an initial
contour line that is connected end to end. It is assumed that the initial contour point set
obtained by six-directional banding is G, and the contour points contained therein are
shown in Figure 10a. The specific implementation process of contour point sorting is as
follows:

N
\,

NG5 G4
G6+« \\\ > G3
\‘c\’ S~y
G2 ___‘I _______ ~ S UG
Gl AT Gl G8G9 G10
(a) (b)

Figure 10. Schematic diagram of the sorting of the initial contour points: (a) generation of initial
contour line; (b) backward search.

1. First, j = 0 is set, a starting point for the contour line search is randomly selected
from the initial contour point set G and recorded as G]-, and it serves as the current
searching point and is removed from the point set G;

2. The point nearest to the current searching point G; is found in the residual contour
points of the point set G and recorded as Gj,;. Gjy1 is then added into the contour
line and connected to G;. The direction from G; to Gj,; is the positive direction of
the searching line segment, as indicated by the direction of the red, dotted line in
Figure 10a;

3. Then,j=j+1is set, and the current searching point G; is updated, i.e., the point newly
added to the contour line is regarded as the current searching point and removed
from the point set G;

4. Steps (2)-(3) are repeated until the point set G; is empty, and the point finally added
to the contour line is connected to the starting point to obtain a closed contour line.

If the initial contour points are connected or sorted only by the distance, there will be
a situation in which the points are selected in the opposite direction to that of the current
searching line segment. As shown in Figure 10b, the line segment connected by G8 and G9
is the current searching line segment, and G9 is the current searching point. Because the
distance from G11 to G9 is shorter than that from G10 to G9, G9 and G11 will be connected.
To avoid the backward connection, the following constraint condition is added to the search
process of the above Step (2), that is, a f-degree sector area formed by taking the current
searching point as the center and the extension line on the positive side of the current
searching line segment as the central axis is taken as the searching area, and the point Gj+1
closest to the current searching point G; is found in the searching area. Through repeated
experiments, B = 240 was set in this study.

2.2.2. Optimization and Densification of Long Edges

Ideally, for the point cloud data of a building roof with uniform density and complete
boundary collection, there is no case in which the edge points are occluded in the process of
extracting contour points by banding, all edge points can be extracted effectively, and the
length of each line segment on the initial contour line obtained should be less than or equal
to the maximum distance S;,x = 8.284, which is obtained using Equation (3). However, for
individual concave areas where bands in all directions will be occluded, there will be edge
segments with lengths greater than the maximum distance, S;x. In this study, such edge
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segments were referred to as long edges, which were subjected to further densification and
optimization.

Because of the uneven density of the point cloud data, judging whether each edge
on the contour line is a long edge strictly on the basis of the maximum distance Sy =
8.28d is not, in fact, applicable to real point cloud data. To ensure the accuracy of long
edge screening, therefore, the threshold, T, for judging a long edge should be appropriately
increased, taken as T = 10d here. As shown in Figure 11a, the red line is an edge with a
length smaller than the threshold, T, and the black line is a long edge.

Hl1
/ N2
N
AN H3
° ° ° ) S
H4
(@) (b)

Figure 11. Screening and optimization of long edges: (a) screening long edges; (b) long edge
optimization. Notes: The red solid line is the extracted initial edge, the black line segment is a long
edge to be densified, and the red dashed lines are segments after densification.

To express the boundary contour of point clouds completely, it is necessary to densify
and optimize the long edge. New contour points are extracted in the neighborhood of the
long edge and inserted into the long edge so that it becomes several short edges with a
length less than the threshold, T. As shown in Figure 11b, Ly g3 is a long edge with a
length greater than the threshold, T; the midpoint, H2, of line segment L1 ;3 was taken;
the point H4 closest to H2 was searched from the noninitial contour point set; and H1 and
H3 were connected to H4 to form two new contour edges: Ly g4 and Ly y3, respectively. If
the lengths of both of the above newly generated contour edges are less than the threshold,
T, the densification of long edge Ly g3 is completed; if a long edge is longer than the
threshold, T, exists in the generated contour edges, the above process is repeated, the new
long edges are densified once again, and no contour points will be inserted when the
lengths of all line segments constituting the contour line are less than the threshold T. At
this point, the final outer contour line of the point clouds, extracted by multidirectional
banding, is acquired. Since all points in the outer contour line come from the original 3D
roof point clouds, the elevations of all contour points can be recovered according to the
correspondence between the projected points and the original 3D points, thus acquiring
the 3D outer contour line of the original point clouds.

To avoid the existence of noise points in the contour line, such as the points of the
parapet walls on the roof, which lead to the local elevation suddenly changing after the
contour line is recovered into 3D, this paper adopted the local average elevation of the
contour line to eliminate the potential noise points in the extracted contour points. As
shown in Figure 12, the purple point is a randomly selected contour point, the yellow points
are the five nearest contour points to the purple point in the 2D plane, and the coordinates
of the black point are the mean value of the three-dimensional coordinates of the current
five yellow points. If the elevation difference between the purple point and the black point
is greater than 5d, then the current purple point is considered to be a noise point in the
contour line, and it is removed from the contour line.
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Figure 12. Removing noise points from contour lines: (a) inclination angle view; (b) partial top view;
(c) partial side view.

During the optimization of the long edges on the contour line, the threshold, T, can be
reduced to acquire denser and more coherent contour points in order that the extracted
outer contour of the point clouds fits better with the actual boundary of the point clouds.
Figure 13a,b display the densification results of the initial contour points under T = 10d and
T = 5d. Therein, the black, solid line is the long edge contained in the initial contour line,
and the red, solid line represents the contour line after densification. It can be seen that
the contour line extracted under T = 104 is relatively flat. When T = 5d, the concave area is
expressed in a more detail by the contour line in Figure 13b yet accompanied by possible
overfitting. The proposed algorithm can determine the fitting degree of the contour line by
setting different thresholds, T, to acquire the building roof contour catering more to work
needs.

(a) (b)

Figure 13. Densification of initial contour: (a) T = 10d; (b) T = 5d. Notes: The red line is the extracted
initial edge, the black line segments are long edges to be densified, and the red line segments
corresponding to the black lines are edges after densification.

3. Experiment Results and Analysis
3.1. Experimental Data

In this study, three groups of different types of point cloud data, as shown in Figure 14,
were selected for the experiments, and they were recorded as datasets 1, 2, and 3. Dataset 1
displays a group of point clouds with uneven densities and different boundary structures
acquired with the 3D entity model, which were used to simulate the point clouds with such
boundary structures as acute angles, arcs, concave—convex, and right angles in reality, as
indicated by M;-My in Figure 14. Dataset 2 and Dataset 3 were obtained from the Vaihingen
dataset provided via the official website of the ISPRS, and the DublinCity dataset was
provided by Reference [40]. The building roof point clouds in both datasets are accurately
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labeled. Dataset 2 exhibits the representative building roof point clouds chosen from the
Vaihingen dataset, as expressed by Ms-Mg in Figure 14. Compared with Dataset 1, the
point clouds were distributed more evenly in Dataset 2, and the building roof displayed
more complicated boundary structures; Dataset 3 presents the point clouds in Dublin
city areas chosen from the DublinCity dataset, and the regional point clouds containing
7 buildings (Mg—M5) were selected in the experiment. The average point spacings for
M;-M;s, calculated as per Equation (1), are listed in Table 3.

(M) (M2)

|
|

(Mo-i15)

\
l“\‘\“\““ mmmmhm \\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\&\\

(Ms) (Ms) (My)

I
‘\\

.

ﬁ‘\\

N

)

(Ms)

Figure 14. Original point cloud data.

Table 3. Average point spacings of original point clouds.

Original point cloud M; M; M3 My M5 Mg My Mg
Average Point Spacing/m 0.028 0.041 0.087 0.104 0.249 0.338 0.454 0.384
Original point cloud My Mjyo M1 Mi, M3 Mig Mis
Average point spacing/m 0.506 0.490 0.327 0.508 0.485 0.308 0.486

3.2. Results and Analysis
3.2.1. Comparative Analysis of Extraction Results under Different T Values

To analyze the influence of different T values on the contour extraction results, different
T values were set to extract the contour of point cloud My, which has uneven density and a
large average point spacing, and the extraction results are shown in Figure 15.

When T =44, as shown in Figure 15a, all long edges longer than 44 in the initial contour
line were densified under the small densification threshold, T, which led to the irregularity
of the extracted contour line, a great difference from the actual boundary shape, and the too
refined expression of the boundary shape for the original point clouds. When T =114, as
shown in Figure 15h, few long edges were screened out from the initial contour line, which,
as a whole, was relatively flat and similar to the actual boundary shape. Since contour
points were extracted by six-directional banding and the maximum tolerable distance
between adjacent contour points was Syax ~ 8.284, only a few long edges could be screened
when T > S: T=9d, T =10d, and T = 11d. Hence, the extracted contour lines were all
relatively resembled the actual boundary shape.
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(a)
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Figure 15. Contour line extraction results under different T values: (a) T = 4d; (b) T = 5d; (¢) T = 6d;
(d)T=7d;(e) T=84d; (f) T=9d;(g) T =10d; (h) T = 11d.

3.2.2. Qualitative Analysis of Contour Line Extraction Results

To verify the effectiveness of the algorithm proposed in this study, it was compared
with the alpha shapes method and variable-radius alpha shapes method, and the contour
line extraction results obtained with different algorithms are displayed in Figure 16. In the
proposed algorithm, Ny = 6, and a comparative analysis was performed for T = 54 and 104,
in which the six-directional banding methods under the densification thresholds of T =
5d and T = 10d were briefly recorded as six-direction-5d and six-direction-10d. Given the
different changes in the point cloud density in each dataset, the parameter r in the alpha
shapes method and variable-radius alpha shapes method should be changed. Therein, Ca-
shape(2-3d) and Cx-shape(3—4d), respectively, represent the variable-radius alpha shapes
method with a rolling ball radius of r = 2-3d and r = 3-4d; «-shape(2d) and x-shape(4d),
respectively, denote the alpha shapes method under a rolling ball radius of r = 2d and r =
4d. The key parameters adopted in the different algorithms for each dataset are listed in
Table 4.

Table 4. Parameter settings of the different algorithms for the different datasets.

Variable-Radius

Six-Directional Banding Alpha Shapes

Alpha Shapes
Dataset 1 T=>5d T=10d r=3-4d r=4d
Dataset 2 T=>5d T=10d r=2-3d r=2d

Dataset 3 T=5d T=10d r=2-3d r=2d
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Reference Contour six-direction-5d six-direction-10d Ca-shape(3-4d) a-shape(4d)

@)

Original Image Reference Contour six-direction-5d six-direction-10d Co-shape(2-3d) a-shape(2d)

(b)

Figure 16. Cont.
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six-direction-10d Ca-shape(2-3d) o-shape(2d)

(c)

Figure 16. Contour line extraction results obtained using different algorithms for the three datasets,
as shown in Figure 13: (a) M1-My; (b) M5-Mg; (c) Mg—Mj5.

According to the contour extraction results of the different algorithms, as shown in
Figure 16, in the case of great changes in the point cloud density among the different
data, the parameter values for the alpha shapes method and variable-radius alpha shapes
method should be changed to extract relatively complete contour lines. However, the
proposed algorithm is capable of extracting relatively complete contour lines under a
constant threshold without needing to change the parameter values. When contours are
extracted using the variable-radius alpha shapes method, point clouds will be divided
into auxiliary grids, the points belonging to the overall contour in the boundary grids are
judged, and the rolling ball radius is appropriately and automatically reduced for the rough
boundary grids. As a result, the hole boundary in the boundary grids is marked as a point
cloud contour, as indicated by M, in Figure 16a. In the contour extraction process using
the a-shape(4d) method, the point cloud holes near the boundary are not extracted, but
they will be extracted if the Cx-shape(3—4d) method is adopted. In the case of many holes
inside the point cloud, all contour lines meeting the conditions will be extracted if the alpha
shapes method is used, as expressed by Mg in Figure 16b. When the a-shape(2d) method is
adopted, many internal hole boundaries will be marked as contour lines.

By analyzing the contour extraction results of the different algorithms from M;-M;s,
it can be seen that, in the case of minor cloud point density changes and no evident internal
holes (e.g., M7, Mg, M11, and M), each algorithm can extract contour lines with favorable
quality. For the point clouds with internal holes (like Mg), the boundaries of internal holes
will be extracted together during the point cloud contour extraction based on alpha shapes
method, which results in the declining quality of the contour. For point clouds with holes
in the boundary grids (like M), the variable-radius alpha shapes method will also extract
the boundaries of internal holes. However, the six-directional banding method is highly
adaptable to hole-containing point clouds and can stably extract the outer contour of point
clouds. As the density change in the point clouds increases, it is difficult when using the
alpha shapes method and variable-radius alpha shapes method to determine an appropriate
rolling ball radius; under a constant densification threshold, the six-directional banding
method can still extract the outer contour of the point clouds, proving that the proposed
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algorithm adapts better to the point clouds with great density changes and internal holes,
accompanied by easier setting of parameters.

3.2.3. Quantitative Analysis of Contour Line Extraction Results

To quantitatively analyze the contour extraction results of the algorithm in this study,
the accuracy of the results was analyzed using two indicators, namely, PoLiS measurement
and Relative Area Error (RAE). PoLiS measurement is an index proposed by Avbelj et al. to
judge the similarity between two polygons [41]. When one polygon has more vertices than
the other, PoLiS measurement is superior to Hausdorff distance and chamfer distance. In
this study, the similarity between the extracted contour polygon and the reference contour
polygon was analyzed by PoLiS measurement, and the difference between the extracted
area and the reference area was compared using RAE. The smaller the PoLiS measurement
and RAE value, the higher the similarity, accuracy, and completeness of the extracted
contour and the reference contour. The reference contour of Dataset 1 was provided by
the original three-dimensional model. With reference to the shape of the building roof
contours in high-resolution images, the reference contours of Datasets 2 and 3 were created
by displaying the point clouds in Computer-Aided Drafting (CAD) software and drawing
them by hand. The statistical PoLiS measurement results for the contour extraction of the
three datasets using different algorithms are shown in Figure 17, and the formula for PoLiS
is shown in Equation (5). The statistical results of the RAE value, calculated according to
Equation (6), are listed in Table 5.

. 1 . 1 .

PoLiS(A,B) = aglpelgﬂaz bl| + quj%gggHbJ a| 5)
where A and B are two polygons; p and g are the number of points in polygons A and B,
respectively; a; and b; are the points in polygons A and B, respectively; and i€1,2, ..., p,
andjel, 2,...,q.

AU
S u

where U is the polygonal area of the reference contour; AU; represents the difference
between the polygonal area of the extracted contour and that of the reference contour.

RAE

x 100% (6)

Table 5. Statistics of the RAE results for building point cloud contour extraction using different

algorithms.
RAE a-shape(dd)/% Ca-shape(3-4d)/%  six-direction-5d/% six-direction-10d/%
M; 54 6.3 6.2 5.1
M, 3.9 41 3.9 3.8
M3 5.1 5.8 6.9 5.3
My 44 5.0 6.4 5.2
RAE a-shape(2d)/% Ca-shape(2-3d)/%  six-direction-5d/% six-direction-10d/%
Ms 44 44 4.2 3.6
Mg 3.5 33 3.3 2.8
My 29 2.5 2.0 1.6
Mg 2.8 2.7 2.0 1.8
My 2.1 2.0 1.8 1.8
Mo 14 14 15 14
M1 5.2 54 5.5 43
Mip 2.8 2.6 2.9 2.8
M3 2.3 2.1 1.9 15
Mis 6.8 6.3 6.6 6.7
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Figure 17. PoLiS measurement analysis of the contour extraction results of the different algorithms
for building point clouds: (a) Dataset 1; (b) Dataset 2; (c) Dataset 3.

As can be seen from Table 5, the RAE values of the point cloud contours extracted
using the six-direction-10d method are the lowest, except for five groups of data—Mj,, M3,
Miz, M4, and Mjs—and the difference between the five groups of data with higher RAE
values and the lowest values of the same group of data was less than 1%, indicating that the
area extracted by the six-direction-10d algorithm was closer to the reference area. According
to the PoLiS measurement, as shown in Figure 16, it can be seen that the PoLiS measurement
of the extraction result of this algorithm was less affected by the local change in parameter
values, and the overall PoLiS measurement was low, revealing that the parameters of
this algorithm have relatively weak influences on the extraction result, and the extracted
contour is more similar to the reference contour. Through the analysis of the RAE value
and PoLiS measurement value, it can be seen that the contour extracted using the algorithm
proposed in this study is complete and correct, and the algorithm is robust for different
point cloud data, with easier setting of the parameters.

3.2.4. Analysis of Algorithm Running Efficiency

To prove the efficiency of the proposed algorithm, Dataset 4, consisting of simulated
point clouds with the same shape, density, and density changes but different quantities,
was artificially selected from the 3D entity model for the sake of the contour extraction
experiment, as shown in Figure 18. The contour extraction was performed using the alpha
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shapes method, the variable-radius alpha shapes method, and the proposed algorithm,
respectively. The running times for the three algorithms are shown in Figure 18.

33

iv-‘-t: l‘t
T

S,

: fg"‘*a

¢
o .
2

e

Figure 18. Dataset 4.

It can be observed from Figure 19 that as the number of points continuously grows,
the running time of the alpha shapes method rises sharply, indicating that the alpha shapes
method is inapplicable to point cloud contour extraction with a large number of points.
Since the variable-radius alpha shapes method uses adaptive-radius alpha shapes for the
points in the virtual grid, its running time is shorter compared to the alpha shapes method,
but as the number of points continues to grow, it will maintain an exponential growth
trend. With the increase in the number of points, the running time needed by the proposed
algorithm basically shows a linear rising trend, and the time consumed is always the
shortest when the contour extraction is performed on point clouds containing different
numbers of points.

e Alpha shapes
eV ariable-radius Alpha shapes

Multi-direction bands

Time/s

—

0 —_— ——— S—

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
The Number of Points

Figure 19. Contour extraction efficiency analysis of the different algorithms.

4. Discussion

The uneven density and internal holes of point cloud data are important factors that
affect the accuracy of contour lines extracted using existing algorithms. In this paper, we
used multidirectional bands to weaken the influence of the quality of the original point
cloud data on the contour line extraction results. Compared with the existing algorithms,
the algorithm has the following characteristics: it needs fewer parameters and the parame-
ters are adaptive, and it is more robust for point clouds with different densities; compared
with the existing point-by-point judgment algorithm, this method takes each band as a
unit to improve the operating efficiency of the algorithm; on the one hand, multidirectional
banding avoids the missing extraction of contour points in single-direction banding and
ensures the integrity of contour extraction; on the other hand, it makes the algorithm
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more robust for point cloud data with different shapes and densities. By analyzing a large
quantity of data, the number of banding directions is determined as Ny = 5-7, and a band
width of W = 84 (8-fold average point spacing) is a relatively stable parameter range. The
proposed algorithm was used to perform contour extraction experiments on building roof
point cloud data provided in two opensource datasets. The experimental results show that
the proposed algorithm is more adaptable to point clouds with large density variations and
can eliminate the interference of holes in point clouds with the extraction results. However,
it is not ideal to use this algorithm to determine whether it is a long edge that needs to be
densified and optimized only using a single edge length constraint. Influenced by the point
cloud data acquisition method and the building structure, a single length constraint will
lead to the over-refining of some regular edges, which will result in irregularity. Hence, the
screening conditions for long edges will be further added to strictly screen out those long
edges needing densification, reserve the originally flat contour lines in the initial contour
lines, and densify the contour lines with an incomplete expression of boundary structures
to further enhance the accuracy of the contour line extraction.

5. Conclusions

In this study, an algorithm for extracting the outer contour of building roof point
clouds based on multidirectional banding was proposed. This method divides a point
cloud into multidirectional bands, and each band is a processing unit. The points in each
band are projected on the central axis of the band, and the contour points are extracted
by determining the farthest distance point on the central axis. In the comparison of the
contour line extraction results of the proposed algorithm with those of state-of-the-art
contour line extraction algorithms, the strengths and weaknesses of the proposed algorithm
were objectively analyzed, providing a new algorithm for efficiently extracting the contour
of building point clouds.
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