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Sampling and WLOP-consolidating an input point set to generate an initial
surface point set, copying the initial surface point set as an initial position of
an interior skeleton point set, to establish a correspondence relation between
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THREE-DIMENSIONAL POINT CLOUD
MODEL RECONSTRUCTION METHOD,
COMPUTER READABLE STORAGE
MEDIUM AND DEVICE

[0001] This application is a continuation of International
Application No. PCT/CN2015/100005, filed on Dec. 30,
2015, which is hereby incorporated by reference in its
entirety.

TECHNICAL FIELD

[0002] The present disclosure relates to image processing
techniques, and particularly, to a three-dimensional point
cloud model reconstruction method, a computer readable
storage medium and a device.

BACKGROUND

[0003] In production applications nowadays, a main
bottleneck of the development of the three-dimensional
techniques, such as computer aided design, reverse engi-
neering, virtual reality, and three-dimensional animation and
game, is that there is still no a convenient method for quickly
obtaining a three-dimensional model stored in the computer.
In recent years, the three-dimensional laser scanner is widely
applied by virtue of its advantage of conveniently and
flexibly acquiring three-dimensional surface data of a real
object. After the researches of more than twenty years, the
technique of reconstructing a three-dimensional model from
relatively complete point cloud data has been mature. How-
ever, it is restricted from being a universal inverse recon-
struction technique mainly because that a large-scale data
missing of the point cloud data usually occurs, which cannot
be solved by the existed hardware scanning device.

[0004] The so called point cloud model generally means
that a three-dimensional scanning device emits scanning
light to a surface of an object to be measured, and reflected
light is received to calculate a set of three-dimensional
coordinate points on the surface of the object. The so called
point cloud three-dimensional reconstruction means based
on certain point cloud model data, complementing and
reconstructing grid data representing the source model, for
the convenience of computer rendering and user interaction.
But how to directly and quickly obtain a practical point
cloud model by scanning the point cloud data is still a
problem. The difficulty of the point cloud data processing is
that the point cloud data is usually dispersed, with significant
missing data, noises, and outliers. In addition, the point
cloud completion is a recognized ill-posed problem, wherein
all the methods deduce unknown information from already
existed information, and no method can ensure that the
region complemented using an algorithm is consistent with
the source model.

[0005] The point cloud completion method in the prior art
fits and fills the lost information using a quadric surface
according to local information of the point cloud model.
This method can well fill the holes in a small area, but cannot
solve the large-scale data missing problem. Considering
more global information is an important way to improve the
existed completion method.

SUMMARY OF THE DISCLOSURE

[0006] The embodiments of the present disclosure provide
a three-dimensional point cloud model reconstruction
method, includes:
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[0007] 1) sampling and WLOP-consolidating an input
point set to generate an initial surface point set, and copying
the initial surface point set as an initial position of an interior
skeleton point set, to establish a correspondence relation
between surface points and skeleton points;

[0008] 2) moving points in the interior skeleton point set
inwards along a direction opposite to a normal vector
thereof, to generate interior points;

[0009] 3) using a self-adaptive anisotropic neighborhood
as a regularization term to perform an optimization of the
interior points, and generating skeleton points;

[0010] 4) performing a consolidation and completion of
the initial surface point set using the skeleton points, to
generate consolidated surface points;

[0011] 5) reconstructing a three-dimensional point cloud
model according to the skeleton points, the surface points
and the correspondence relation between the surface points
and the skeleton points.

[0012] In addition, an embodiment of the present disclo-
sure further provides a computer readable storage medium
containing computer readable instructions, wherein when
being executed, the computer readable instructions enable a
processor to perform at least the operations in the above
three-dimensional point cloud model reconstruction method.
[0013] Meanwhile, the present disclosure further provides
a device, includes:

[0014] a scanning module for scanning a model to acquire
an input point set;

[0015] a memory for storing program instructions;
[0016] a processor connected to the scanning module and
the memory, for executing the program instructions in the
memory, and processing the input point set in the steps in the
above three-dimensional point cloud model reconstruction
method.

[0017] In order that the aforementioned and other objec-
tives, features and advantages of the present disclosure are
more easily to be understood, preferred embodiments will be
described in details with reference to the accompanying
drawings.

BRIEF DESCRIPTIONS OF THE DRAWINGS

[0018] In order to more clearly describe the technical
solutions in the embodiments of the present disclosure or the
prior art, the accompanying drawings to be used in the
descriptions of the embodiments or the prior art will be
briefly introduced as follows. Obviously, the accompanying
drawings in the following descriptions just illustrate some
embodiments of the present disclosure, and a person skilled
in the art can obtain other accompanying drawings from
them without paying any creative effort.

[0019] FIG. 1 is a flowchart of a three-dimensional point
cloud model reconstruction method provided by the present
disclosure;

[0020] FIG. 2 is a diagram of a structure of a device
provided by the present disclosure;

[0021] FIG. 3 is a diagram of a comparison between a
point cloud presentation in the present disclosure and a point
cloud presentation in the prior art;

[0022] FIG. 4 is a diagram of a comparison between a grid
reconstruction effect in the present disclosure and a grid
reconstruction effect in the prior art;

[0023] FIG. 5 is a diagram of a comparison before and
after an optimization processing of an input point set in an
embodiment of the present disclosure;
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[0024] FIG. 6 is a diagram of a comparison between a
point cloud presentation in the present disclosure and a point
cloud presentation in the prior art;

[0025] FIG. 7 is a diagram of a comparison between a
point cloud presentation in the present disclosure and a point
cloud presentation in the prior art;

[0026] FIG. 8 is a diagram of a comparison between a
point cloud presentation in the present disclosure and a point
cloud presentation in the prior art;

[0027] FIG. 9 is a diagram illustrating a real object pro-
cessing line in an embodiment of the present disclosure;
[0028] FIG. 10 is a flowchart of a technical solution in an
embodiment of the present disclosure;

[0029] FIG. 11 is a diagram illustrating a surface point
inward movement and two neighborhoods in an embodi-
ment of the present disclosure.

DETAILED DESCRIPTIONS

[0030] Next, the technical solutions in the embodiments of
the present disclosure will be clearly and completely
described with reference to the accompanying drawings of
the embodiments of the present disclosure. Obviously, those
described herein are just parts of the embodiments of the
present disclosure rather than all the embodiments. Based on
the embodiments of the present disclosure, any other
embodiment obtained by a person skilled in the art without
paying any creative effort shall fall within the protection
scope of the present disclosure.

[0031] An embodiment of the present disclosure provides
a three-dimensional point cloud model reconstruction
method. As illustrated in FIG. 1, which is a flowchart of a
three-dimensional point cloud model reconstruction method
provided by the present disclosure, comprising:

[0032] step S101: sampling and WLOP-consolidating an
input point set to generate an initial surface point set, and
copying the initial surface point set as an initial position of
an interior skeleton point set, to establish a correspondence
relation between surface points and skeleton points;

[0033] step S102: moving points in the interior skeleton
point set inwards along a direction opposite to a normal
vector thereof, to generate interior points;

[0034] step S103: using a self-adaptive anisotropic neigh-
borhood as a regularization term to perform an optimization
of the interior points, and generating skeleton points;
[0035] step S104: performing a consolidation and comple-
tion of the initial surface point set using the skeleton points,
to generate consolidated surface points;

[0036] step S105: reconstructing a three-dimensional
point cloud model according to the skeleton points, the
surface points and the correspondence relation between the
surface points and the skeleton points.

[0037] An embodiment of the present disclosure provides
a computer readable storage medium containing computer
readable instructions, wherein when being executed, the
computer readable instructions enable a processor to at least
perform the three-dimensional point cloud model recon-
struction method.

[0038] Meanwhile, the present disclosure provides a
device, as illustrated in FIG. 2, which is a diagram of a
structure of a device 20 provided by the present disclosure,
comprising:

[0039] a scanning module 321 for scanning a model to
acquire an input point set;

[0040] a memory 323 for storing program instructions;
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[0041] a processor 323 connected to the scanning module
and the memory, for executing the program instructions in
the memory, processing the input point set in the following
steps, and outputting a model:

[0042] 1) sampling and WLOP-consolidating an input
point set to generate an initial surface point set, and copying
the initial surface point set as an initial position of an interior
skeleton point set, to establish a correspondence relation
between surface points and skeleton points;

[0043] 2) moving points in the interior skeleton point set
inwards along a direction opposite to a normal vector
thereof, to generate interior points; 3) using a self-adaptive
anisotropic neighborhood as a regularization term to per-
form an optimization of the interior points, and generating
skeleton points;

[0044] 4) performing a consolidation and completion of
the initial surface point set using the skeleton points, to
generate consolidated surface points;

[0045] 5) reconstructing a three-dimensional point cloud
model according to the skeleton points, the surface points
and the correspondence relation between the surface points
and the skeleton points.

[0046] The present disclosure mainly proposes a new
point cloud presentation to solve the problems of denoising
and hole filling for the point cloud model.

[0047] As illustrated in FIG. 3, assuming that a modern
three-dimensional point cloud scanning device can quickly
acquire corresponding three-dimensional point cloud data of
the computer. But such data is usually accompanied with a
significant missing data and much noise, as indicated by the
black points in the right picture of FIG. 3. The purpose of the
method is to automatically acquire a line segment set as
shown in the left picture of FIG. 3. One end of a line segment
is an consolidated surface point, and the other end thereof is
a skeleton point representing global topological information
of an object. The main innovation point of the method is to
homogeneously process the local surface information and
semi-global skeleton information of the three-dimensional
model, i.e., the skeleton information is extracted according
to the surface information of the model, the lost information
is complemented using the extracted skeleton information,
and finally the two types of duality information is jointly
consolidated.

[0048] In order to better complement the point cloud data,
extracting a skeleton from the point cloud is an important
step. Since the skeleton contains semi-global topology and
volume information of the object, the extraction of the
skeleton of the point cloud is actually a process of under-
standing the shape of the original object. Once the skeleton
of the point cloud is acquired, we can fill the holes and
enhance the point cloud data using the skeleton. Being
different from the existed method of extracting the skeleton
of the point cloud, the skeleton extracted by the present
disclosure is a combined skeleton with both a one-dimen-
sional curve and a two-dimensional slice, rather than a
conventional one-dimensional curve skeleton. In contrast,
the one-dimensional curve skeleton is more abstract, while
the combined skeleton has a richer presenting capability.
Specifically, the method generates a one-dimensional curve
in a tubular structure region of the model, and generates a
two-dimensional slice in other regions. By using such char-
acteristic of the combined skeleton, a targeted policy can be
taken during the point cloud completion. Thus, how to
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extract a combined skeleton from the point cloud is one of
the key points of the present disclosure.

[0049] The closest solution: the present disclosure pro-
poses a new point cloud presentation, which concerns the
point cloud denoising and consolidation, the point cloud
skeleton extraction, and the point cloud completion and
reconstruction in the prior art, and the present disclosure
makes an improvement to the point cloud denoising and
consolidation, the point cloud skeleton extraction, and the
point cloud completion and reconstruction in the prior art.
Next, the best methods of the three directions in the prior art
will be respectively introduced and compared with the
present method.

Point Cloud Denoising and Consolidation

[0050] The best method for point cloud denoising consoli-
dation is WLOP, which will be briefly introduced as follows.
[0051] The locally optimal projection projects (down-
samples) a dispersed point cloud to a new point set which
better presents the potential model of an object. In addition
to the denoising function of the conventional filtering algo-
rithm, it can also simplify and homogenize the point cloud
while promoting the calculation of the normal vector and the
topological structure of the point cloud. The algorithm has
the advantages of parameter-free, robust and high-efficient,
without using the normal vector information of the point.
The principle of the algorithm is:

[0052] a dispersed point set C=fc; g; », R? is given, and
LOP defines a projection point set P=f p,g, » ; ¥2R>. Assum-
ing that k iterative operations need to be performed, k=0, 1,
2 ..., then the following optimal equation is available, for
the purpose of minimizing P:

PP=E +E
E=®0 ;D kﬂ("P{";@")

Ex= @ 'Uhpyphokutkpl plok)
O2nfig

@ indicates text missingor illegiblewhen filed

[0053] wherein, the point set P is obtained by a random
down-sample from an original point set C. Generally, the
effect of the algorithm is improved when the number of pints
of P is reduced. But if the number of points is too small, the

details of the prototype may be lost. kfkis a secondary
paradigm, u(r)=¢’ " ~*=*" is a quickly decreasing weighting
function to define a range of adjacent point search. '(r)=i" is
a quickly decreasing penalty function to prevent points in
the point set P from being too close to each other. Regarding
the parameters, 0-'<:5 is used to control energy of E,, and

usually '=4:°>. As to h, it is defaulted as h= 4" d,,=m,
wherein d,, is a diagonal line of a bound cube of the
three-dimensional model, m is the number of points in C,
and the default value can meet most requirements. In the
intuitive geometrical significance, E, is equivalent to an
“attractive force” which pulls each point x; in P * to corre-
sponding to central position of an adjacent point set in C, so
that P* presents the original model implied in P while
eliminating the noise. E, is equivalent to a “repulsive force”
which causes points in P * to be repulsive to each other, and
the repulsive force increases when two points are closer to
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one another so as to achieve a global homogenization. When
the two forces in P* are minimized, they are relatively
balanced, and the obtained projected point set P is simple
and homogeneous.

[0054] Density Weighted Locally Optimal Projection
(WLOP): observations show that the LOP algorithm does
not causes aggregation or vibration under some situations,
and the effect of global homogenization is not good enough.
Because the function of E; is to project each point to a
central position of the local distribution. When the input
point set are highly not homogeneous, the final result is that
the dense area is still relatively dense regardless of the
selection of P°, and the calculation of the normal vector will
be adversely influenced. Thus, WLOP adds a weighting
function describing the dense degree of the point cloud:

vi=l+ (D plkejicjok)
P2infig

wh=l+ & plhpy(plok), k=012
026mfig

@ indicates text missingor illegiblewhen filed

[0055] wherein, g, 2 C; p; 2 P. At the dense part of the point
cloud, the “attractive force” can be decreased by v,, and the
“repulsive force” can be increased by w,*. The two functions
are added into LOP for solving the optimal equation:

" —k

®Y =vy; "\/.(0 -0
e Xep—— 41 X (phply)P—
217 (@ =v)) O 2 (o o)

i

: wherein,

o RUpgek) kil pok)S (kpkpok)j
N i = kp"pf.‘ok '

i

and p,*" indicates coordinates of the i point in the (k+1)th

iteration. On the other hand, certain outliers outside the
model may be obtained sometimes when the point cloud is
scanned. In that case, those outliers of a relatively low
density can be eliminated quickly using the definition of the
density.

[0056] WLOP in the prior art is introduced as above, and
the present disclosure inherits the idea of WLOP in the
aspect of denoising, but has the following distinctions.
[0057] 1. The objectives of this solution include data
completion in addition to data denoising. That is, the sample
point p may be at a position having no input data point
nearby. Thus two situations may be considered simply.
[0058] (1) If there are many input points G near the
sample point p,, the data fitting term (“attractive force™) of
WLOP is still used.

[0059] (2) If the sample point p, does not have enough
input points G as the basis of data fitting, our newly defined
volume preservation term may be used, i.e., the sample point
p, shall keep being consistent with adjacent points p; in
“volume” so far as possible. In a specific operation, assum-
ing that a skeleton point set Q=f q, g, , ; ¥2R> has been
calculated, and the sample points are one-to-one correspond-
ing to the skeleton points. The volume information of the
sample point p, is presented with the connection line to a
corresponding skeleton point g,. The detailed algorithm will
be introduced later.
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[0060] In fact, the algorithm of this solution does not
obligatorily sort the sample points P into those of two
situations, but adds a weighting function to mix the data
fitting term and the volume preservation term. That is, the
weight of the data fitting term is higher, when the sample
point p, is close to the input data point and the volume
variation around is large; and the weight of the volume
preservation term is higher, when the sample point p, is far
away from the input data point and the volume variation
around is consistent. Thus, WLOP merely keeps a smooth
surface based on existed data, while this solution adds a
volume preservation (smoothing) term, so that a sufficient
consolidation can be carried out when there is no data, as
illustrated in FIG. 4, wherein (a) illustrates an input point
cloud, and (b) illustrates a result of grid reconstruction
directly made based on the input point cloud; (c) illustrates
a result of WLOP processing based on (b), and (d) illustrates
corresponding grid reconstruction; (e) illustrates a result
obtained by processing in our method based on (b), and (f)
illustrates corresponding grid reconstruction. It can be seen
that, a good consolidation can be achieved even at the place
where data is lost using our method.

[0061] 2. Direction constraint WLOP is proposed. The
present disclosure proposes projecting the “attractive force”
and the “repulsive force” in WLOP onto the normal vector
and the tangent plane of the model surface respectively,
which brings two major advantages: firstly, the “attractive
force” is only effective in the direction of the normal vector
of the surface point (the meaning of the surface point is
substantially the same as that of the sample point), i.e., the
surface point can only move along the positive and negative
directions of the normal vector under the effect of the
“attractive force”. Thus, as compared with WLOP, the
sample point probably goes beyond the boundary of the
input model, i.e., enters a region not supported by the input
point, and then the hole filling is possible. Otherwise, when
a calculation is made using the original “attractive force”,
the sample point still will be attracted back by the “attractive
force” of a large weight, even if it is pushed out of the
boundary of the model by the “repulsive force”, and the
effect of hole filling cannot be achieved. Secondly, the
“repulsive force” is only effective in the direction of the
tangent plane of the surface point, i.e., the surface point can
only move along the direction of the tangent plane under the
effect of the “repulsive force”, which ensures that the sample
point just moves along the current local plane regardless of
the existence of data. By using this technique, in the per-
spective of the effect, the sample point distribution is
smoother in a region having data than WLOP, and in a region
having no data, it is equivalent to gradually extrapolating
existed data into that region to achieve a smooth hole filling,
as shown in FIG. 4.

[0062] 3. New normal vector calculation mode. As can be
seen from the above text, the direction constraint WLOP
proposed by us depends on the normal vector of the surface
point, while the local tangent plane is also determined by the
normal vector. To be noted, our method does not consider
the orientation (inward or outward) of the normal vector.
Thus, in the region having data, the conventional PCA
algorithm can be used to continuously calculate and update
the normal vector of the sample point. The key technical
difficulty is that in the region having no data, the normal
vector calculated directly using PCA is problematic. In a
case where data is seriously lost, e.g., a sphere model only
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has its half scanned, if the normal vector of the sample point
is calculated directly using PCA, the sample point will
endlessly escape along the tangent plane at the boundary of
the model, and a closed hole filling cannot be achieved. With
respect to the defect, we for the first time propose correcting
the normal vector of the sample point having no data
support, using information of the connection line between
the surface point and the skeleton point, and the specific
algorithm will be introduced later. By using the technique,
even in a region where data is seriously lost, the sample
point still can well complete the task of hole filling with the
aid of the skeleton point.

Point Cloud Skeleton Extraction

[0063] The best method for point cloud skeleton extraction
is the L1 medial skeleton method, which is briefly intro-
duced as follows:

[0064] The core of the L1 medial skeleton method is the
local I._1 median value, which can be generalized with the
following optimal formula:

. b
argmin®?)y (D) kxiiq sy kulkxiges k) + R(X) (
aremin® D ksia kulliay 4

@ indicates text missingor illegiblewhen filed

[0065] wherein, Q=fq;g;, , 15R? is an input point set, X=f
X,g, -7 V4R is a point set initially down-sampled from Q, and
the number of points in the point set is 1,<<J. After the
above formula is minimized, X becomes a normal “skeleton
point set” at the center of the input model, as illustrated in
FIG. 5, wherein FIG. 5(a) illustrates an input point set, FIG.
5(b) illustrates an output point set after an optimal process-
ing, and wherein the light black points construct an input
point set, and the dark black points construct a skeleton point
set transformed from the down-sample point set.

[0066] Generally, the point distribution condition in a
space is described with the degree of dispersion or intensity.
On the skeleton branch, the skeleton points are distributed
relatively dispersedly in respective dimensions, while on the
skeleton trunk, the skeleton points are continuously and
intensively in a one-dimensional straight line. As to the
three-dimensional sample, we describe the dispersed degree
of'the sample points by means of the characteristic values of
the covariance matrix. As to any sample point x, 2 1, its
covariance matrix is calculated as:

Ci='0 1 upsghtloxi %, R)0ed %,0) (5, 1 3%,)

[0067] wherein, the distance weighting function p has the
same function as the local L, median value, both for con-
sidering the local distribution of the sample points, rather
than the weight distribution. x, is a row vector, and C, is a
3x3 matrix. Next, we calculate three characteristic values,
i%, i, i of the matrix which have been sorted, and corre-
sponding characteristic vectors f v,°; v,*; v,°g. Those three
characteristic vectors form an orthogonal frame, and they are
the three major directions of the point set. The characteristic
value corresponding to one major direction indicates the
intensive degree of the points distributed in the major
direction, and also may be referred to as energy in that
direction. If the three characteristic values are approximate
to each other, it means that the intensive degrees of the
points distributed in the three major directions are similar,
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i.e., the distribution of the point set is dispersed in the
three-dimensional space. On the contrary, if the maximum
characteristic value is much larger than the other two char-
acteristic values, it means that the point set is distributed
intensively in a certain direction. We can define a distribu-
tion metric to describe the distribution condition of the point
set:

2
3/@ =3/ ) = 52—

0 2
s Fai H

® indicates text missingor illegiblewhen filed

[0068] Since the point distribution measuring tool is avail-
able, the definition of the regularization term with point
distribution metric in formula (1) can be given as follows:

plkx;x,0k)

RX) =@ 0@ 1020fig 3 ] A xok

@ indicates text missingor illegiblewhen filed

[0069] wherein, f°,g, , ; is a balance parameter for con-
trolling the balance between the attractive force of the input
point and the repulsive force of the sample point.

[0070] Now, formula (1) is solved. When the energy
function gradient value is 0, the sample point meets the
following relation:

, , o x0T ,
20 (%iig ®y1 i ioZ’”ﬁgW” =0; 21,
kxiigik (kxiix,0k)
wherein ®; = Ecx‘_‘_qfk Y ﬂka P2Unfig.
o @° infigii0
Setting! = — 2T gy
3/@ 2 ®;

@ indicates text missingor illegiblewhen filed

[0071] after an organization, it can be obtained that :

17 0 - ’ s
(1D 413/ @4 @ g w0 @19

02nfig ;0 209y

@ indicates text missingor illegiblewhen filed

[0072] This formula can be deemed as an equation where
X is an unknown number, i.e., AX=BQ. Thus only when 0-*
% <1=2 can it be ensured that A is a nonsingular matrix that
is strictly diagonal dominant. Thus, the solution of the
equation is X=A’ 'BQ.

[0073] By using the moving point iteration method, when

the point set of the current iteration is given as X*=f x/g;
k=0; 1; : : : , the point set of the next iteration is obtained as

XA (XIBXNQ, ie.,

Jul. 6, 2017

, ok
L ‘@ 2/q®5' D nie (2050

= =2 Y13/ 4
2@ i%mﬁ[ﬁ-o
wherein ®{.<. = M
v kligk
ke ixlo k)
(20750 = ————_ P2Unfig; 3/ 4 =3/4().
iy 2

@ indicates text missingor illegiblewhen filed

As can be seen from the above formula, the local repulsive
force can be automatically calculated and adjusted when

% 2(0; 1.

[0074] The L1-medial skeleton is introduced as above, and
the present disclosure inherits its idea in the calculation
method of the point cloud skeleton, but has the following
distinctions:

[0075] An important application of the point cloud skel-
eton extraction is the point cloud data completion. In a case
where the data missing is serious, the point cloud skeleton
is helpful to ensure that the complemented data well main-
tains the original topological structure of the model. Obser-
vations show that only using the one-dimensional curve
skeleton is adverse to the three-dimensional shape comple-
tion, and the two-dimensional curved surface skeleton is
more convenient to present the non-cylindrical part of an
object. As illustrated in FIG. 6, the one-dimensional curve
skeleton is helpful to the quasi-cylindrical object comple-
tion. However, the unique mixed-type skeleton (one-dimen-
sional curve and two-dimensional curved surface) of this
method can better present the part of the non-cylindrical
object, thus achieving a better completion effect.

[0076] FIG. 6 illustrates the effects of different types of
point cloud skeletons on the point cloud completion. (a)
illustrates an effect of directly performing a grid reconstruc-
tion for an input point cloud; (b) and (c) respectively
illustrate the effects of calculating a one-dimensional curve
skeleton using an [.1 medial skeleton of point cloud and an
ROSA point cloud skeleton algorithm and applying it into
the point cloud completion. (d) illustrates an effect of
performing a point cloud completion for a mixed-type point
cloud skeleton calculated with our method.

[0077] In the specific algorithm, the solution makes two
improvements to the [.1-medial skeleton:

[0078] (1) The surface points are preliminarily moved
inwards using information of the normal vector of the point
cloud, so as to obtain a point set inside the object. The main
idea of the inward movement of the surface point is that the
surface point goes in a direction opposite to its normal vector
(i.e., a direction toward the interior of the object) until it
encounters a point moving inwards from the opposite side of
the object. This preprocessing operation has two advantages:
firstly, it avoids the defect of the prior art that the calculated
skeleton might be located outside the object. Once the point
cloud skeleton is located outside the object, a disastrous
influence on the point cloud completion will be caused,
which destroys the entire topological structure of the model.
Secondly, it avoids the defect that in the [.1-medial skeleton,
the neighborhood ambiguity is solved by gradually expand-
ing the neighborhood, which greatly saves the calculation
amount of the algorithm and the time for the user to adjust
the algorithm parameters (initial neighborhood and neigh-
borhood growth rate).
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[0079] (2) Since the objective of this solution is to form a
mixed-type skeleton combining one-dimensional curve and
two-dimensional curved surface, the point distribution
weighting function

2

3/4=3/4X) = 51—

in the weighted regularization term of the [.1-medial skel-
eton is transformed. The main idea is to replace the weighted
regularization term of the [.1-medial skeleton with an aniso-
tropic regularization term. The weighted regularization term
controls the magnitude of the repulsive force according to
the local point distribution condition, while the anisotropic
regularization term projects the repulsive force onto each
local major direction according to the distribution of the
interior points and the distribution of the lines connecting
the interior points and the outliers. If the distribution of the
local points presents a one-dimensional curve, the repulsive
force will only effect on the one-dimensional curve; and if
the distribution of the local points presents a two-dimen-
sional curved surface, the repulsive force will only effect on
the two-dimensional curved surface. The result is a homo-
geneously distributed mixed-type skeleton combining one-
dimensional curve and two-dimensional curved surface,
while avoiding the use of the bridging point in the I.1-medial
skeleton.

Point Cloud Completion and Reconstruction

[0080] As to the point cloud with a large-scale data
missing, the Poisson reconstruction algorithm in the prior art
is the best method for completion and reconstruction at
present.

[0081] Such conventional implicit curved surface recon-
struction algorithm achieves a good fitting in a region locally
having data, but it can only ensure that the output grid is
sealed in a region where global data is lost in a large scale.
Another method is to complement the lost data using the
point cloud skeleton to maintain the global topological
structure of the object, and then make a curved surface
reconstruction in the conventional method. The method
adopted by the present disclosure as well as the [.1-medial
skeleton and the ROSA skeleton mentioned above belong to
the second method. As illustrated in the following two
figures, our method uses the skeleton, i.e., the semi-global
information, to better recover the entire topological structure
of the object, particularly for seriously lost data or slice type
data. FIG. 7(b) illustrates a result of applying the Poisson
reconstruction algorithm to the input point cloud in (a); (c),
(d) and (e) respectively illustrates skeleton points generated
with our method, the consolidated surface points and a result
of applying the Poisson reconstruction algorithm to the
surface points. FIG. 8 (a) illustrates object pictures; (b)
illustrates point clouds consolidated using WLOP; (c) illus-
trates results of consolidation with our algorithm; (d) illus-
trates results of using the Possion reconstruction algorithm
based on (b); and (e) illustrates results of using the Possion
reconstruction algorithm based on (c).

[0082] The present disclosure mainly has the following
technical contents:

[0083] (1) A new point cloud presentation—deep point.
Each surface of the deep point is corresponding to a skeleton
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point. It is a presentation combining information of the local
surface and information of the semi-global volume of the
object.

[0084] (2) A method for extracting a mixed-type point
cloud skeleton combining one-dimensional curve and two-
dimensional curved surface, which is a key technique of
deep point construction.

[0085] (3) A point cloud consolidation method that
improves WLOP using a deep point, which achieves infor-
mation supplementation and enhancement in a region having
no input data.

[0086] FIG. 10 is a flowchart of a technical solution in an
embodiment of the present disclosure. FIG. 9 illustrates a
physical example, wherein an input dispersed point cloud is
obtained through a scanning model. Next, a few of points are
down-sampled from the point cloud data as shown in (a),
and then consolidated and denoised with the conventional
WLOP algorithm to obtain the surface points as shown in
(b). Next, the skeleton points as shown in (c) are calculated
through the surface point inward movement and the interior
point contraction. Next, the surface points are further con-
solidated and complemented using the skeleton points, as
shown in (d). Finally, a complete deep point set proposed by
us is obtained, as shown in (e). The details will be described
as follows step by step.

[0087] (1) Point cloud preprocessing, i.e., point cloud
down-sampling and WLOP consolidation. For an input point
set C=fc,g;, , ¥2R?, we obtain a point set P=fp, g, , ; V2R*
through a random sampling, and perform a smoothing
consolidation thereof using the conventional WLOP algo-
rithm introduced above. Next, we obtain an initial position
of an interior skeleton point set Q=f q, g,,; ¥4R* by copying
a surface point set P. In that case, the two point sets are
completely the same, and any operation of addition or
deletion or changing the serial numbers will not be per-
formed on the two point sets in the subsequent algorithm,
which certainly ensures that the surface points are always
one-to-one corresponding to the skeleton points.

[0088] (2) Deep point definition. In the embodiment of the
present disclosure, a deep point is formed by a point pair hp,;
qi, wherein p, and g, are located on the surface and the
interior skeleton of the model, respectively. A complete deep
point set <P,Q>={<p,, q,>},c;< R shall meet the following
characteristics:

[0089] the surface point set P is located on the implicit
curved surface of the model and uniformly distributed;
[0090] the skeleton point set Q forms a mixed-type skel-
eton composed of a one-dimensional curve and a two-
dimensional curved surface;

[0091] the direction m,=(p; 1 q)=kp, i q k of the deep point
pair is consistent with the normal vector of the surface point.
[0092] (3) Neighborhood size determination. The average
distance r between each sample point and a closest adjacent
point after the WLOP consolidation is calculated as follows
and taken as a criterion for the main parameters.

5,
r=|— min kp;ipok;
JPilias O2mpg

@ indicates text missingor illegiblewhen filed

[0093] Firstly, the neighborhood of the surface points is
defined as P={p, l||p,~p,[<c,r}, wherein the default value of

o, is 5. The neighborhood of the interior points is



US 2017/0193692 Al

Q~{q,llg,~g,ll<o,r}, wherein the default value of o, is 2.
The neighborhood of the surface points is static and only
needs to be calculated for one time, while the neighborhood
of'the interior points is dynamic and needs to be recalculated
for each iteration.

[0094] (4) The surface points move inwards to form inte-
rior points. That is, the copies of surface point set function-
ing as the initial positions of the skeleton points move
inward. The point set Q={q,},c, ©R?> preliminarily moves
inwards through information of the normal vector of the
point cloud to obtain an interior point set inside the object.
[0095] The main idea of the point inward movement is to
cause the point to move in a direction opposite to its normal
vector (i.e., a direction toward the interior of the object) until
it encounters a point moving inwards from the opposite side
of the object. Firstly, the condition of stopping the point
inward movement is defined as that, in a neighborhood Q, of
the point, the maximum angle between the normal vector of
the sample point and those of neighboring points is smaller
than a threshold, i.e., max,;¢ n, n,=cos(w), wherein the
default value of w is 45°. Next, each interior point moves
along a direction opposite to the normal vector, i.e., q,=q,—
tn,. In the beginning, the moving step length t of each point
is set as r/2. In the subsequent movement, the moving step
length of each sample point is an average value of the
moving step lengths of its adjacent point in the previous
iteration, and the dynamic neighborhood Q={ql|lq;~
ql.||<0qr} is used. Secondly, after each step of movement, a
bilateral smoothing is performed for the current interior
points to ensure that the interior points are densely con-
nected as much as possible, i.e.,

D, 0pis P, nir g

irel? heres
j—————— wherein
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el
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[0096] FIG. 11 is a diagram illustrating a surface point
inward movement and two neighborhoods in an embodi-
ment of the present disclosure.

[0097] (5) The interior points contract to form the skeleton
points. Firstly, the point set obtained in step (4) is copied as
an interior point set H={h,},-,, and the point set Q is further
contracted and normalized to form the skeleton points, i.e.,
the optimization is solved:

argminz Z 3a;s fu)llgs — Al + R(Q),

Q@ iEl kel

wherein &g;, Ay) = e’dg(‘”'hk )/’2.

Being different from the conventional .1 medial skeleton, in
the embodiment of the present disclosure, a self-adaptive
anisotropic neighborhood is used as the regularization term.
The purpose is that in the cylindrical part, the shape of the
neighborhood range presents a thin and long ellipsoid; in the
quasi-planar part, the shape of the neighborhood range
presents a large and flat ellipsoid; at the end point and the
edge of the planar part, the shape of the neighborhood range
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presents a small ellipsoid, so as to avoid the excessive
contraction of the boundary and keep the entire shape. For
this purpose, we make a principal component analysis
(PCA) for the neighborhood Q, of g, to obtain three principal
axes f v,'; v,%; v,’g of the neighborhood ellipsoid, which
have lengths 1}; 1,%; 1°g. Next, the normal vectors of the
points within the neighborhood ) are projected onto each
principal axis, and the length of each axis is determined
through the following equation:

D2y
e L@,
Ji

@ indicates text missingor illegiblewhen filed

m=1; 2; 3:, wherein the default parameter of is 0.1.

[0098] Thus, back to the above optimization equation, it
may be defined that

#(gi; g,0)
R =) 151 i 0945 [ RPErISTER
wherein d,(g;; i) = Al (g;:/y k; and

A=pl =i -2l

By analyzing the optimization, the following analytic
expression can be deduced:
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and the default parameter '=0:4.

[0099] (6) Consolidation and completion of the surface
points. Being different from the conventional WLOP algo-
rithm, our optimization has three terms:

argmin  1(p;) Y 6ps, cll(pi = cpnl ||+ R(P) + G(P)
F iel j€i
[0100] The first term is a data fitting term, wherein local

input points are taken as a neighborhood

Ci = fejkejipk <3/4prg(pi) = 1+ ¢ ;5,03 pi)
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is a density function, i.e., the weight of the data fitting term
increases when the surface point is closer to the source point.
The second term f((P) is a regularization term, which is
defined as

9(p;, pr)

—_—,
i £ |IB] (p; — pir)ll
el i e

2

kp) = wherein B; = [u‘-l; ui],

which are any two orthogonal vectors on the tangent plane
perpendicular to the normal vector. The third term G(P) is a
shape (volume) preservation term, which is defined as

1
G(P)= 5 > v(p)lp: — gill = L(pi))?. wherein

iel

> 0pis pdllpy =gyl
L irelf
pi)= > Opi py)

i’
el

is an average volume thickness of the current point. y(p,)=
(1+var({llp,~qll},e2) " is a weighting function, i.., the
weight of the shape preservation term increases when the
difference between local volume thicknesses decreases. In
addition, upon different requests, the volume preservation
term may be replaced with a volume minimization, i.e.,
G(P)=Y2',,°(p,)(L(p,))*: By solving the above optimization,
the following analytic expression can be obtained:

T](Pi)z ayc; - pon!

Cj€;

) +nip) X i *

cj€j

pi=

Z ﬁ;"’A[TAi(pi -pir)
y(pidg + Lipmy) el
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oo 9(pi, c;)
Y i =l
. 8(p:, p;
By = %,
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o= Z ﬁ;;//(y(p;) DDy aj]
i€

e\

and 1 is an adjacent point of the sample point.

[0101] (7) Normal vector correction. In each iteration, the
normal vector obtained by the PCA calculation is corrected
using the orientation of the deep point and the distribution
condition of the input points around the point, i.e., the
normal vector in step (6) is corrected, and the corrected
normal vector is
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[0102] The present disclosure proposes a new point cloud
presentation, i.e., the deep point which has its surfaces
one-to-one corresponding to the skeleton points. It is a
presentation combines information of the local surface and
information of the semi-global volume of the object, and can
be applied to the aspects such as point cloud completion and
reconstruction, feature extraction, point cloud deformation,
and point cloud registration.

[0103] The present disclosure further proposes a method
for extracting a mixed-type point cloud skeleton combining
one-dimensional curve and two-dimensional curved surface,
and this method is the key technique for the deep point
construction. As compared with the conventional one-di-
mensional curve skeleton, the mixed-type skeleton has a
richer presenting capability, and can be applied to the
aspects such as point cloud completion, three-dimensional
matching search, and three-dimensional animation.

[0104] A point cloud consolidation method which
improves the WLOP algorithm using a deep point. The
conventional WLOP algorithm can only perform denoising
and smoothing in a region having input data, while the
present method can perform data supplementation and
enhancement in a region having no input data.

[0105] A technical concept of performing joint consolida-
tion of the surface point and the skeleton point in the process
of forming the deep point. That is, the formation of the
skeleton point is dependent on relation information such as
the surface neighborhood provided by the consolidated
surface points. The completion and enhancement of the
surface point is dependent on information such as volume
and orientation (inward or outward) provided by the formed
skeleton point. They are supplementary to each other, and
the iterative consolidation can be repetitively performed
continuously.

[0106] As compared with the existed methods for point
cloud denoising and skeleton extraction, the present disclo-
sure proposes a point cloud skeleton presentation more
beneficial to the point cloud completion, and combines the
concept of deep point, so that the existed best method for
point cloud denoising, i.e., WLOP, can perform a point cloud
completion at the same time of denoising. As compared with
a three-dimensional reconstruction made directly, a three-
dimensional reconstruction made based on the comple-
mented and consolidated point cloud can better deal with the
situation of large-scale data missing, and the reconstructed
model is more accurate in the topological structure.

[0107] A person skilled in the art shall understand that the
embodiments of the present disclosure can be provided as a
method, a system or a computer program product. Therefore,
the present disclosure can take the form of a full hardware
embodiment, a full software embodiment, or an embodiment
with combination of software and hardware aspects. More-
over, the present disclosure can take the form of a computer
program product implemented on one or more computer
usable storage mediums (including, but not limited to, a
magnetic disc memory, CD-ROM, optical storage, etc.)
containing therein computer usable program codes.

[0108] The present disclosure is described with reference
to a flow diagram and/or block diagram of the method,
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device (system) and computer program product according to
the embodiments of the present disclosure. It shall be
understood that each flow and/or block in the flow diagram
and/or block diagram and a combination of the flow and/or
block in the flow diagram and/or block diagram can be
realized by the computer program instructions. These com-
puter program instructions can be provided to a general
computer, a dedicated computer, an embedded processor or
a processor of other programmable data processing device to
generate a machine, such that the instructions performed by
the computer or the processor of other programmable data
processing devices generate the device for implementing the
function designated in one flow or a plurality of flows in the
flow diagram and/or a block or a plurality of blocks in the
block diagram.

[0109] These computer program instructions can also be
stored in a computer readable memory capable of directing
the computer or other programmable data processing
devices to operate in a specific manner, such that the
instructions stored in the computer readable memory gen-
erate a manufactured article including an instruction device
that implements the function(s) designated in one flow or a
plurality of flows in the flow diagram and/or a block or a
plurality of blocks in the block diagram.

[0110] These computer program instructions can also be
loaded onto the computer or other programmable data
processing devices, such that a series of operation steps is
executed on the computer or other programmable devices to
generate the processing realized by the computer, therefore
the instructions executed on the computer or other program-
mable devices provide the steps for implementing the func-
tion designated in one flow or a plurality of flows in the flow
chart and/or a block or a plurality of blocks in the block
diagram.

[0111] The above are only the preferable embodiments of
the present disclosure, and are not used for limiting the
present disclosure. For a person skilled in the art, the
embodiments of the present disclosure can be modified and
changed variously. Any modification, equivalent substitu-
tions and improvements within the spirit and principle of the
present disclosure shall be contained in the protection scope
of the present disclosure.

1. A three-dimensional point cloud model reconstruction

method, comprising:

1) sampling and WLOP-consolidating an input point set
to generate an initial surface point set, copying the
initial surface point set as an initial position of an
interior skeleton point set, to establish a correspon-
dence relation between surface points and skeleton
points;

2) moving points in the interior skeleton point set inwards
along a direction opposite to a normal vector thereof, to
generate interior points;

3) using a self-adaptive anisotropic neighborhood as a
regularization term to perform an optimization of the
interior points, and generating skeleton points;

4) performing a consolidation and completion of the
initial surface point set using the skeleton points, to
generate consolidated surface points;

5) reconstructing a three-dimensional point cloud model
according to the skeleton points, the surface points and
the correspondence relation between the surface points
and the skeleton points.
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2. The three-dimensional point cloud model reconstruc-
tion method according to claim 1, wherein establishing a
correspondence relation between surface points and skeleton
points in step 1) comprises:

constructing a deep point set <P, Q>={<p,, q,>},c; = R°

according to the surface point set and the skeleton point
set, a deep point in the deep point set being composed
of a point pair <p,, q,>, wherein p, is a point in the
surface point set P={p,},c; ©R>, ¢’ is a point in the
skeleton point set Q={q,},c; © R*, and I is a sampled
point set;

a direction of a deep point pair is m,=(p,~q,)/|lp,—q,|| and

consistent with a normal vector of the surface point.

3. The three-dimensional point cloud model reconstruc-
tion method according to claim 2, further comprising,
between step 1) and step 2):

determining a size of a neighborhood of each point in the

surface point set and the interior skeleton point set,
wherein,
the neighborhood of the surface point is P={p,||p,~
pil<o,r}, wherein a default value of o, is 5;

the neighborhood of the interior skeleton point is
Q~{q,llg,~q,ll<0,r}, wherein a default value of o, is 2;
r is an average distance

1 4
r=— min ||p; — p;
|p|;;em””‘ Pyl

between each sample point and an adjacent point; |PI is the
number of the surface points; p, is a point in the surface point
set, and p;. is a surface point adjacent to p,.
4. The three-dimensional point cloud model reconstruc-
tion method according to claim 3, wherein moving points in
the interior skeleton point set inwards along a direction
opposite to a normal vector thereof, to generate interior
points in step 2) comprises:
determining a condition for stopping the inward move-
ment of each sample point in the interior skeleton point
set, wherein the condition for stopping the inward
movement of the sample point is that in a neighborhood
Q of the sample point, the maximum angle between the
normal vector of sample point and those of neighboring
points is smaller than a preset threshold w, i.e.,
max, -, on, n=cos(w), wherein a default value of w is
450,

moving each sample point along a direction opposite to a
normal vector thereof according to the determined
condition for stopping the inward movement of the
sample point;

after each step of movement of each point, a bilateral

smoothing is performed for the current point to deter-
mine that

> 8pis PP, nio e
irelf herei
g = , whereimn
X 0(pi, pr ), ny)

irelf

2
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17 is a surface point set, n, is a normal vector of the sample
point, and n,. is a normal vector of an adjacent point.

5. The three-dimensional point cloud model reconstruc-
tion method according to claim 4, wherein moving each
sample point along a direction opposite to a normal vector
thereof further comprises:

an initial moving step length t of each sample point is r/2,
wherein r is an average distance between each sample
point and a closest adjacent point;

a subsequent moving step length of each sample point is
an average value of the moving step lengths of its
adjacent point in a previous iteration, and a dynamic
neighborhood Q={q,llq;~q,Jl<o,r} is used.

6. The three-dimensional point cloud model reconstruc-
tion method according to claim 5, wherein using a self-
adaptive anisotropic neighborhood as a regularization term
to perform an optimization of the interior points, and gen-
erating skeleton points in step 3) comprises:

making a principal component analysis (PCA) for the
interior point set to determine three principal axes and
lengths thereof;

determining the regularization term according to the
determined principal axes and lengths thereof, wherein,

g, gv)

R
@= Z 2 e

eni)

do(gin ) = 1IAT (q; = Bl A = D75 vE 1 B v [ BLovi e v

12, 17 are the

i s i

are three determined principal axes, and 1,*
lengths of the three principal axes;
analyzing an optimization

argmin | >, gi. hlgs ~ el + REQ)

iel kel

according to the determined regularization term to generate
the skeleton points;
wherein, 6(g,, hy)=e is the self-adaptive aniso-
tropic neighborhood, h, is a stationary point in the
interior point set H={h,},,, Q is a skeleton point set
generated after the consolidation, g, is a point in the
skeleton point set generated after the consolidation, and
R(Q) is the regularization term.
7. The three-dimensional point cloud model reconstruc-
tion method according to claim 6, wherein an analytic
expression of the skeleton point in the skeleton point set is:

~d g, )/

Z O2pns5 ®3;0g;0 Z O2psie —ii OAT Ai(g1ig;0)

[ L2 7
g= + ik

2. 021 ®;i0 2 O2pnfig =it 0
wherein

#(gi; :0) - #(gi; g:0
®0_(qq)‘_‘_= (qq);’

kq,q;0k kd,(g:; g0k
12— o -0 _s
Ik =, lioz\nﬁg ii =02pyie ®;0;
de(gi, gD = IAT (g = gDII, "I = (15 15 B ' = 0:4,

and q;. is a point closest to the skeleton point q,.
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8. The three-dimensional point cloud model reconstruc-
tion method according to claim 7, wherein performing a
consolidation and completion of the initial surface point set
using the skeleton points, to generate consolidated surface
points comprises:

solving optimization

arg;mnz 1P Y. Opis eplips = enl | + R(P) + G(P)

iel CjEi

to perform the consolidation and completion of the initial
surface point set;

wherein, n(p,) is a density function,

2
wp) =1+ 3 0cs. po. ey, po = ) ana

cjei
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r= 2 mialpi = pill
iel
R(P) is a regularization term,
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which are any two orthogonal vectors on a tangent plane
perpendicular to the normal vector;

n, is a normal vector of the surface point, G(P) is a volume
preservation term determined according to the skeleton
point, g, is a point in the determined skeleton point set,
and p, is a point in the initial surface point set.

9. The three-dimensional point cloud model reconstruc-

tion method according to claim 8, wherein the volume
preservation term is

1
G(P) = 5 > ¥(plllpi = gill = L(po))*.

iel

wherein,
v(p,) is a weighting function,

7 = (L varflllpy —arllhycp))

> 0pis pllpy =l
L irelf
)= X 0pi, py)
relf

L(p,) is an evaluated volume thickness of the current point
determined according to the skeleton point, g, is a point in
the determined skeleton point set, and p, is a point in the
initial surface point set.
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10. The three-dimensional point cloud model reconstruc-
tion method according to claim 8, wherein the volume
preservation term is

1
GP) = 5 > (PP

iel
y(p,) is a weighting function,

(p) = {1+ varfillpy —aylhyp))

> 0pis pdllpy =gyl

irelf
> Opi, pir) ’

i’
irel;

Lipi) =

L(p,) is an evaluated volume thickness of the current point
determined according to the skeleton point, g, is a point in
the determined skeleton point set, and p, is a point in the
initial surface point set.

11. The three-dimensional point cloud model reconstruc-
tion method according to claim 9, wherein the consolidated
surface point is

T](Pi)z ayc;— pn!
cjEi

oy +ap) X oay
Cj€j

B ATRi(pi — pir)
y(pidgi + Lipmi) Ve
V) +n(p) X oy S By
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-continued

wherein,

pi.c;) 9(p;, pr)
= / 5 ﬁ;;/ = T 5°

lpi =il BT (pi = pir )l
= Z B [y(p;) +py aj] B = [} i1,

i €} s

which are any two orthogonal vectors on a tangent plane
perpendicular to the normal vector; m; is a direction of a
deep point pair; 1' is an adjacent point of the sample point.
12. The three-dimensional point cloud model reconstruc-
tion method according to claim 11, further comprising,
between step 4) and step 5):
correcting the normal vector obtained through the PCA
calculation using the orientation of the deep point, and
a distribution condition of the input points around the
deep point, i.e.,

o _lp)— Dt +m;
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13. A computer readable storage medium containing
computer readable instructions, wherein when being
executed, the computer readable instructions enable a pro-
cessor to perform at least the operations in claim 1.

14. A device, comprising:

a scanning module for scanning a model to acquire an

input point set;

a memory for storing program instructions; and

a processor connected to the scanning module and the

memory, for executing the program instructions in the
memory, and processing the input point set according to
the steps in claim 1.
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