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Abstract

With the development of modern 3D measurement technologies, it becomes easy to capture dense point cloud datasets. To
settle the problem of pruning the redundant points and fast reconstruction, simplification for point cloud is a necessary step
during the processing. In this paper, a new method is proposed to simplify point cloud data. The kernel procedure of the
method is to evaluate the importance of points based on local entropy of normal angle. After the estimation of normal
vectors, the importance evaluation of points is derived based on normal angles and the theory of information entropy. The
simplification proceeds and finishes by removing the least important points and updating the normal vectors and impor-
tance values progressively until user-specified reduction ratio is reached. To evaluate the accuracy of the simplification
results quantitatively, an indicator is determined by calculating the mean entropy of the simplified point cloud. Further-
more, the performance of the proposed approach is illustrated with two sets of validation experiments where other three
classical simplification methods are employed for contrast. The results show that the proposed method performs much
better than other three methods for point cloud simplification.
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Introduction

Surface reconstruction based on point cloud data is of
significance in many fields including reverse engineering
(Zhao et al. 2013), recording of culture heritage (Yastikli
2007), deformation monitoring (Guo et al. 2010; Xuan
et al. 2016) and Building Information Model (BIM) (Anil
et al. 2013). Recently, due to the great advance of modern
3D measurement technologies, a very dense point cloud
can be produced rapidly by scanning the surface of a
physical object. Key issues are how to deal with such large-
scale point cloud datasets and memory-saving. Hence, it is
point cloud simplification that needs to be performed to
prune redundant points and retain the main geometric
features of the object surface, any subsequent surface
reconstruction would become significantly faster and easily
carried out.

In recent decades, many scholars have contributed
themselves to the study on point cloud simplification and
have made great success. According to the principle of
reduction, the existing point cloud simplification methods
can be divided into two categories: mesh-based simplifi-
cation and point-based simplification (Han et al. 2015).
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Mesh-based methods implement the point cloud simpli-
fication by constructing polygonal meshes (triangular
meshes or quadrilateral meshes) and then removing the
vertexes of redundant meshes according to some rules
(Hur et al. 2002; Luebke 2001). The disadvantage of such
methods is that the mesh generation is complex and time-
consuming. Compared to those algorithms, point-based
methods operate the simplification directly on the data
points without any meshes to be generated. Zheng (2006)
proposed a uniform simplification algorithm. The method
could simplify point cloud with a high speed and a simple
procedure, but it would miss the consideration of the
geometry features. Then some non-uniform simplification
methods with geometric guarantees were presented.
Moenning and Dodgson (2003) devised coarse-to-fine
feature-sensitive simplification algorithms for uniform
and non-uniform distributed point cloud with density
guarantee. Pauly et al. (2002) generalized and compared
some popular methods in mesh simplification to the point
cloud case: clustering methods, iterative simplification
and particle simulation. Shi et al. (2011) presented an
adaptive simplification method using k-means clustering,
and the proposed method could generate uniformly dis-
tributed sparse sampling points in the flat areas and nec-
essary higher density in the high curvature regions.
Benhabiles et al. (2013) proposed a fast algorithm to
simplify point cloud based on the combination of both
clustering and coarse-to-fine approaches. This method
could simplify point cloud with high density of points in
sharp regions and low density in flat regions as well. Song
and Feng (2009) and Han et al. (2015) both put forward an
iterative method with preserved edge data. After edge
points were identified, the least important data point
among the non-edge points would be deleted from the
point cloud.

A common core among these non-uniform simplifica-
tion methods is to evaluate the importance of each point in
point cloud. The simplification can be easily achieved by
removing the less important points (Linsen 2001; Kalaiah
and Varshney 2003). As is well known, normal vector is
basic information of point cloud, and can be obtained
expediently. Moreover, the angles between the normal
vectors of its neighboring points could describe the local
geometric characteristic. Hence, this paper proposed a new
simplification method based on the normal angles in point
cloud. The local entropy of normal angle would be calcu-
lated in order to quantify the importance of each point.
Because of the advantage of the accurate control of
reduction ratio, the proposed method would accomplish the
simplification in a progressive way.
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Fig. 1 General flowchart of the proposed simplification algorithm

The Proposed Simplification Method

In this section, the proposed simplification method will be
introduced elaborately. Figure 1 shows the general
flowchart of the proposed method. For each point, we first
estimate the normal vector based on the nearest neighbor-
ing points, then measure the importance and remove the
least important point gradually using local entropy of
normal vector angle, finally, the ultimate decimated point
cloud can be generated according to the user-designed
simplification ratio. To measure quantitatively the accuracy
of the simplification method, an indicator is proposed by
calculating the mean entropy of the simplified point cloud.

Normal Vector Estimation
Normal vectors play an important role in representing sur-

face of objects, and they are often employed as the necessary
input information when processing point cloud data.
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The classic and simple PCA (Principal Components
Analysis) method for estimating normal vector was pre-
sented by Hoppe et al. (1992) in order to reconstruct a
surface better by fitting a local plane. For a point p and its
k-neighboring points, the fitted local plane P is computed
by Eq. (1).

k
P(n,,d) :argminE:(np-p,-—d)2 (1)
(nd) =1
where n, is the normal vector of the plane P, d is the
distance from P to the origin of coordinate, p; is the ith
point of the k-neighboring points of point p.
Plane P contains point p and the centroid of its k-
neighboring points, and normal vector n meets the con-

straint ||n]|*= 1, so the fitting problem could be simplified
to eigenvalue decomposition of the positive semi-definite
covariance matrix M in Eq. (2).

M= =) (i) )

where p is the centroid of the k-neighboring points of point
p. The eigenvector of the smallest eigenvalue is the value
of normal vector of point p.

Progressive Point Cloud Simplification

Progressive point cloud simplification would be imple-
mented on the basis of evaluating the importance of points
in point cloud. Then point cloud could be simplified by
removing the least important point and updating normal
vectors and importance values, progressively.

Evaluating the Importance of a Point

In this section, the importance of a point in point cloud
would be assessed by calculating local entropy of normal
angle.

To express normal angle more conveniently, the inclu-
ded angle between the normal vector and a reference plane
would be adopted instead of those between adjacent normal
vectors. Suppose that the input point cloud is
X=[x y z]", i=12,...n, the reference plane
could be obtained with the method of the orthogonal total
least squares, which can be formulated by Eq. (3).

a(x—%X)+b(y—y)+c(z—2)+d, =0 (3)

where x =150 x, y =157 v z=15"" zia,, by e
and d, are the parameters of the reference plane.

The normal angle 6 of point p in point cloud could be
calculated by Eq. (4)

0 =" arccos| 2" 4)
2 |nP| < |ne|
where n, is the normal vector of point p, and n, =
(a, b, c¢) is the normal vector of the reference plane.
Then the normal angles of the k-neighboring points of
point p can be computed in this way, which are indicated as
01,0,,..., 0 For the point p, the information entropy of
the normal angle can be defined by its k-neighboring
points, as shown by Eq. (5).

k
I(p) = H(0) = —Pylog Py — Y _ Py, log Py, (5)
i=1
where
p 0 0;
[ — 0= "%
0+ Zf:l 0; 0+ Zf:l 0;

Py is the probability of the normal vector of point p, and Py,
is the probability of the normal vector of the ith neigh-
boring point.

The local entropy of normal angle indicates how
important the point is in representing the local geometric
feature. A large value means that the point locates in a
region where the concave, and convex change obviously
and the local geometry would change if this point is
removed. Therefore, the point plays an important role in
describing the local geometric feature and must be
retained. A small value, on the contrary, suggests that the
point locates in a flat region, so the point can be repre-
sented by its neighbors and could be removed.

Removing the Least Important Point Progressively

The simplification of point cloud be achieved by progres-
sively removing the least important point according to the
value calculated by Eq. (5). After removing a point from
point cloud, the adjacent configurations of the removed
point would change, so the updating process of the normal
vectors and importance values of the affected neighboring
points should be executed. With the updates of the affected
normal vectors and importance values, the simplification
algorithm would continue to remove the next least impor-
tant point. The simplification would be terminated with the
specified number of points reached.

Updating Normal Vectors and Importance Values

As briefly stated previously, the removal of a point from
the point cloud would lead to the change of its neighbor-
hood configurations, so the normal vectors of these
neighboring points should be re-estimated. In addition, the
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importance evaluation of a point is based on its neighbor-
hood and normal vectors, so the importance values should
be updated.

According to Song and Feng (2009) and Han et al.
(2015), the impact of removing a point can be limited to a
small group of points in the neighborhood of the point.
After the removal of a point, the points whose normal
vectors need to be updated form the first ring of the
removed point. The impact on importance values of
removing a point may go even further. The points whose
importance values need to be re-estimated would not only
the points on the first ring but also those on the second ring
of the removed point.

An Indicator for Evaluating the Accuracy
of Simplification

To evaluate the results of point cloud simplification, three
indicators including algorithm efficiency, simplification
rate and accuracy should be analyzed comprehensively.

Generally, evaluating the accuracy of simplification is
accomplished by comparing the scatter figures of point
clouds between the original data and the simplified one,
which would lead to a subjective and unstable conclusion.
An excellent simplification method may focus on retaining
more features with a smaller number of points, so how to
evaluate the accuracy of simplification could be converted
to measuring the information quantity of point cloud (Yang
et al. 2015). The local entropy of normal angle of a point in
point cloud calculated can be used to analyze how impor-
tant the point is to describe the local surface shape. Also, it
can be used to measure the information quantity of the
simplified point cloud. For any point in the simplified point
cloud, the information entropy of normal angle could be
calculated by

k
Hi = —P,-logzPi — ZleOgQPJ' (6)
j=1

where

k k
P,~:9i/<9i+29j>7 Pj=9j/<9i+29j)v
j=1 j=1

In the equation, 6; is the normal angle of point i in the
simplified point cloud, 6; is the normal angle of the jth
neighboring point of the point i, P; and P; are the proba-
bility distribution of the normal angle of the point i and j,
respectively.

Therefore, a mean entropy of the simplified point cloud
could be obtained by averaging the total information
entropy of normal angle,

@ Springer
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where n is the number of the points in the simplified point
cloud. A higher value would indicate that the simplified
point cloud data includes more important points, and the
simplification method completes the data reduction with a
higher accuracy.

Experiments and Results

To assess the effectiveness and performance of the pro-
posed approach, two validation experiments were carried
out. The first experiment was implemented to inspect the
performance of the proposed method preserving curved
surface data during simplification. In the second experi-
ments, another real case was employed to validate the
effectiveness of the presented method. All the input point
clouds used in the experiments were acquired by the
RIEGEL-VZ400. The accuracy of the vertical angle, hor-
izontal angle, and range is 0.002°, 0.008°, and 2 mm,
respectively. For each validation experiment, the simplifi-
cation results by the proposed method would be compared
with those results by three classical methods: equidistant
method, bounding-sphere method and curvature-based
method. With a same simplification ratio set, the compar-
isons would be conducted in two aspects: algorithm effi-
ciency and accuracy. The data processing platform is
Windows 7 on laptop PC 1.8 GHz processor and 4 GB
memory.

Experiment | and Results

In the first experiment, a basketball and a plane board were
scanned to represent the features of curved surface (sphere)
and flat plane, respectively, as shown in Fig. 2a.

By editing the raw data of the scanned scene, the input
point cloud data just containing the curved surface and flat
plane was prepared, as shown in Fig. 2b. The total number
of the input point cloud is 182,191 where the flat plane is
147,876 and the curved surface is 34,315, respectively. The
simplification ratio was firstly set to 10%. After simplified
with the four mentioned methods, the results are depicted
in Fig. 3. The simplification times are shown in Table 1.

In Table 1, we can see that the equidistant method takes
the least time, the second is the proposed method, which is
very close to the equidistant method, and the curvature-
based method does the worst performance in time-
consuming.

The number of the points belonging to the flat plane and
the curved surface are counted and shown in Table 2. As
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Fig. 2 The input point cloud (a)
data: a the scanned basketball

and plane board; b the original

point cloud of the basketball and

plane board

Plane

Fig. 3 The simplification results
with the four methods: a the
proposed method; b the
equidistant method; ¢ the
bounding sphere method; d the
curvature-based method

(b)

Sphere

Table 1 Simplification times of

different methods for ball and Proposed method Equidistant Bounding sphere Curvature
plane data Simplification time/s 15.258 14.107 37.34 58.516
Z?ZIi?fireiitnrllﬂitgg?ltsi(;grrlj:ﬁl;Sn d Total points Points of plane Points of curved surface
plane data Original 182,191 147,876 34315

Proposed method 18,220 12,529 5691

Equidistant 18,215 14,662 3553

Bounding sphere 18,224 13,829 4395

Curvature 18,218 12,944 5274

shown in Fig. 3 and Table 2, more points at the region of
curved surface has been preserved with the proposed
approach and the curvature-based method, while the
method of equidistant and bounding-sphere removed these

points from the curved surface region, even holes appear on
the surface, as described in Fig. 3b.

To assess the simplification accuracy of the four meth-
ods, the fitting could be operated for the plane and curved
surface. Table 3 shows the results of the fitting operations.
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Table 3 Fitting results of different methods for ball and plane data

Sphere radius/m  Fitting precision of plane/m

Original 0.1205 0.0012
Proposed method  0.1209 0.0018
Equidistant 0.1220 0.0014
Bounding sphere  0.1215 0.0015
Curvature 0.1210 0.0018

*The fitting precision of plane refers to the unit weighted RMSE (root
mean square error) of the fitting computation

As we can see in Table 3, in the point clouds simplified
with the proposed and curvature-based approach, more
sphere points have been retained, so the precisions of the
fitted sphere radius are higher. And the precisions of the
fitted plane seems to be almost equal in all the four cases.
In order to evaluate the accuracy more applicative to other
cases, the mean entropy of the simplified point clouds
could be obtained according to Egs. (6) and (7). For the
purpose of feasibility validation, the information quantity
of point cloud obtained by Yang’s approach (Yang et al.
2015) would be adopted for comparison. Figure 6 shows
the results of information quantity of the four simplified
point clouds calculated with two methods.

As shown in Fig. 4, it verifies the feasibility of the
proposed mean-entropy method that the results of the
information quantity calculated with two different methods
reveal a similar trend. Moreover, each set of results shown
in Fig. 4 suggest that the proposed method keep the most
information during the simplification process, and the
curvature-based method comes in the next. The equidistant
and bounding sphere method do the worst. The results of
the fitting operations agree with those calculations, where
the effectiveness of the indicator to evaluate the accuracy

~
1=
~
6]

N

Information Quantity of Point Cloud

Proposed Equadistant BoundingSphere Curvature

_
=2

~
(92

Information Quantity of Point Cloud

of simplification could be proved again. So, the simplifi-
cation accuracy of the proposed method are the highest
among the employed four methods.

According the results of the four methods in aspects of
simplification time and accuracy, we can draw some prelim-
inary conclusions that: for a point cloud containing regular
features, the simplification accuracy of the proposed method
and the curvature-based method are higher than the other two
methods. And the speed of the proposed method is almost
close to that of the equidistant method which is the fastest.
Hence, the proposed method do better performance in sim-
plification time and accuracy. For the point cloud containing
more complex features of irregular patterns, further validation
of the effectiveness and performance of the proposed
approach would be performed in the next experiment.

Experiment Il and Results

In the second experiment, a lion sculpture, as shown in
Fig. 5a, was scanned to acquire the point cloud represent-
ing complex features of irregular patterns.

The total number of the points in the lion data is
457,124, as shown in Fig. 5b. The detailed features locat-
ing at the region of the face and feet are very complicated
that would make big trouble to the simplification method.
Different simplification ratios for the lion data were set
from 20 to 80% with an interval of 20%. After simplified
with the four mentioned methods, the results of simplifi-
cation ratio 20%, are depicted in Fig. 6. The simplification
times are shown in Table 4.

In Table 4, we can see that the four methods do the
similar performance with that in experiment I in time-
consuming. The proposed method is a little lower efficient
than the equidistant method which is still the fastest. As
depicted in Fig. 6, the results of the simplification ratio
20% demonstrate that the proposed method shows the

Proposed Equadistant ~ BoundingSphere Curvature

Fig. 4 Results of information quantity of the four simplified point clouds calculated with two different methods: a the proposed mean-entropy

method; b Yang’s method
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Fig. 5 The scanned lion (a) (b)
sculpture (a) and the original ik 5
point cloud data (b)

Fig. 6 Simplification results (a)
with the four methods, the
reduction ratio was set at 20%:
a the proposed method; b the
equidistant method; ¢ the
bounding sphere method; d the
curvature-based method

better performance in preserving more feature points at the ~ obviously, information quantity of the simplified point
region of face and feet than other methods. To measure the  clouds would also be calculated with two different method,

accuracy of the simplification results at different ratios  as show in Fig. 7.
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Table 4 Simplification times of

. . Proposed method Equidistant Bounding sphere Curvature
different methods for lion data p d £ sp
Simplification time/s 35.891 30.430 98.135 122.551

(@) ¢ - (b) ¢ -

- —@— Proposed Method - —@— Proposed Method

§ Equadistant Method 8 Equadistant Method

O 5% —»— BoundingSphere Method d 5 ——— BoundingSphere Method
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Fig. 7 Results of information quantity of different simplified point clouds calculated with two different methods: a the proposed mean-entropy

method; b Yang’s method

Figure 7a shows the results of the information quantity
of the point clouds computed by the proposed mean
entropy method. The point clouds were simplified with the
four method at different reduction ratios from 20 to 80%.
As shown in the figure, it can be concluded that: (1) the
value of information quantity decreases with the reduction
of the number of the points in point cloud; (2) for an
identical object and a same reduction ratio, the proposed
simplification method could preserve more information
quantity than other three methods, in other words, the
simplification accuracy of the proposed method would be
the highest among the four methods. Figure 7b depicts
those results of the information quantity of the point clouds
computed by the Yang’s method, where the validity of the
above analysis could be proved.

Discussion and Conclusion

In this paper, a new progressive simplification method for
point cloud has been proposed based on the theory of
information entropy and normal angle. The core of the
method is evaluating the importance of points using the
information entropy of the normal angle. The normal angle
is obtained by estimating the normal vectors on the basis of
the classical PCA algorithm. The simplification is com-
pleted by progressive removal of the least important points
and updates of the importance values. To assess the
accuracy of the simplification method, an indicator for
quantitatively measuring information quantity of point

@ Springer

cloud has been determined by calculating the mean entropy
of the simplified points. According to the results of the
experiments where two style of point cloud data were
employed, the feasibility and performance of the proposed
method has been analyzed and proved. The experimental
results also show that the proposed approach has three
main advantages: First, the reduction ratio is easy to be
reached by the progressive way. Second, the accuracy of
ours is higher than curvature-based method, equidistant
method and bounding sphere method. Third, the average of
the importance values of the points in the simplified point
cloud could be used to measure the accuracy of simplifi-
cation process. Despite that, the proposed method still
needs to be validated in more cases to test its applicability.

Acknowledgements This work is supported by the National Natural
Science Foundation of China (Grant No. 41674005, 41501502), the
CRSRI Open Research Program (CKWV2015230/KY), the Key
Laboratory for Digital Land and Resources of Jiangxi Province, East
China University of Technology (DLLJ201601), Jiangxi Natural
Science Foundation of China (20171BAB203032), and the Open
Foundation of Postdoctors Innovation and Practice Base of Wuhan
Geomatics Institute (Grant No. WGF 2016002).

References

Anil, E. B., Tang, P., Akinci, B., & Huber, D. (2013). Deviation
analysis method for the assessment of the quality of the as-is
building information models generated from point cloud data.
Automation in Construction, 35, 507-516.

Benhabiles, H., Aubreton, O., Barki, H., & Tabia, H. (2013). Fast
simplification with sharp feature preserving for 3D point clouds.



Journal of the Indian Society of Remote Sensing (April 2018) 46(4):581-589

589

In 2013 1ith international symposium on programming and
systems (ISPS), (pp. 47-52).

Guo, L., Bo, W., Chen, Y., Yao, L., Ta, L., Zhou, H., et al. (2010).
Vertical deformation and tectonic activity in Tianjin area.
Geodesy and Geodynamics, 1(1), 42—47.

Han, H., Han, X., Sun, F., & Huang, C. (2015). Point cloud
simplification with preserved edge based on normal vector.
Optik-International Journal for Light and Electron Optics,
126(19), 2157-2162.

Hoppe, H., DeRose, T., Duchamp, T., McDonald, J., & Stuetzle, W.
(1992). Surface reconstruction from unorganized points (Vol.
26(2), pp. 71-78). New York: ACM.

Hur, S. M., Kim, H. C.,, & Lee, S. H. (2002). STL file generation with
data reduction by the delaunay triangulation method in reverse
engineering. The International Journal of Advanced Manufac-
turing Technology, 19(9), 669—678.

Kalaiah, A., & Varshney, A. (2003). Modeling and rendering of
points with local geometry. IEEE Transactions on Visualization
and Computer Graphics, 9(1), 30—42.

Linsen L (2001). Point cloud representation. Technical Report,
Faculty of Informatics, University of Karlsruhe, Germany.
Luebke, D. P. (2001). A developer’s survey of polygonal simplifi-
cation algorithms. IEEE Computer Graphics and Applications,

21(3), 24-35.

Moenning, C., & Dodgson, N. A. (2003). A new point cloud
simplification algorithm. In Proceedings of international con-
ference on visualization, imaging and image processing (pp.
1027-1033).

Pauly, M., Gross, M., & Kobbelt, L. P. (2002). Efficient simplification
of point-sampled surfaces. In Proceedings of the conference on
visualization’02 (pp. 163-170). IEEE Computer Society.

Shi, B. Q., Liang, J., & Liu, Q. (2011). Adaptive simplification of
point cloud using k-means clustering. Computer-Aided Design,
43(8), 910-922.

Song, H., & Feng, H. Y. (2009). A progressive point cloud
simplification algorithm with preserved sharp edge data. The
International Journal of Advanced Manufacturing Technology,
45(5-6), 583-592.

Xuan, W., Hua, X., Zou, J.,, & He, X. (2016). Determining the
deformation monitorable indicator of point cloud using error
ellipsoid. Journal of the Indian Society of Remote Sensing.
https://doi.org/10.1007/512524-016-0580-7.

Yang, R., Hu, Y., Lii, M., Hua, X., & Wu, H. (2015). Initial study on
information quantity of point cloud. Journal of the Indian
Society of Remote Sensing, 43(2), 243-258.

Yastikli, N. (2007). Documentation of cultural heritage using digital
photogrammetry and laser scanning. Journal of Cultural Her-
itage, 8(4), 423-427.

Zhao, X., Zhang, C., Xu, L., Yang, B., & Feng, Z. (2013). IGA-based
point cloud fitting using B-spline surfaces for reverse engineer-
ing. Information Sciences, 245, 276-289.

Zheng, D. (2006). The data reduction of point cloud and analysis of
reduction effect. Engineering of Surveying and Mapping, 15(4),
27-30.

@ Springer


https://doi.org/10.1007/s12524-016-0580-7

	A New Progressive Simplification Method for Point Cloud Using Local Entropy of Normal Angle
	Abstract
	Introduction
	The Proposed Simplification Method
	Normal Vector Estimation
	Progressive Point Cloud Simplification
	Evaluating the Importance of a Point
	Removing the Least Important Point Progressively
	Updating Normal Vectors and Importance Values

	An Indicator for Evaluating the Accuracy of Simplification

	Experiments and Results
	Experiment I and Results
	Experiment II and Results

	Discussion and Conclusion
	Acknowledgements
	References




