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Abstract—The point cloud data obtained by 3D laser
scanner are not only simple in structure, easy to operate, but
also don’t need store topological relationships between
points. They can be used to express complex geometry and
surface characteristics of irregular objects. However, in the
process of obtaining the data, because of many factors, such
as the human factor, the change of the environment or the
defects of the equipment itself, the data obtained are
contaminated by noise. Therefore, point cloud data
denoising is an important post-processing step performed on
potentially noisy data obtained from a 3D scanner. A new
point cloud denoising method is proposed based on adaptive
wavelet transformation, which includes three steps: namely,
point cloud data decomposition, wavelet coefficients
neighborhood adaptive division and wavelet coefficients
inverse transformation. The method can not only effectively
remove the noise, but also preserve sharp features and
surface details. At last, the performance of the proposed
method was illustrated with a validation experiment.
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l. INTRODUCTION

Three dimensional laser scanner can acquire a large
number of point cloud data, which contain the geometrical
information of the object. It has become one of the
common methods for representing 3D objects. It can be
used to reconstruct the digital model of the object.
However, when the 3D object data model is obtained using
scanner instrument, the device defect or human
disturbance will make the scan data inevitably have gross
error and noise data. The error in 3D point cloud data will
affect the accuracy and effect of the model parameters.
Therefore, the noise of point cloud model need to be
removed [1]. At present, the noise elimination method of
point cloud mainly including:

A. Grid-based denoising: this method requires a local
topology configuration or a local parameterization in point
cloud neighborhood [2-3]. The point cloud data, however,
do not contain any topological information. If the scattered
point data are directly used for reconstruction,
triangulation or parameterization, they will take a great
price [4-5].

B. Direct de-noising algorithm: the algorithm can be
realized through multiple iterations based on point cloud
data [6-7].

C. Curve or surface approximation algorithms: these
algorithms cannot effectively distinguish the point cloud
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data in the gross errors and outliers, resulting in over
smoothing phenomenon [8].

All above de-noising techniques do not preserve sharp
features and surface details, or require considerable time to
obtain fine filtering results.

Il.  THE BASIC PRINCIPLE OF 2D WAVELET

TRANSFORM
Let f(x,x,)el?*(R%) a 2D
and X, , X, is respectively horizontal and vertical
coordinates. w(x,x,) is a 2D basic wavelet, the 2D

continuous wavelet definition [9]:
Supposing /., , (X;,X,) is the scale and 2D

represent signal,

displacement of y/(x,, X,)

l//a;bl,bz (Xilxz)_ (X1 bl X ) (1)
The 2D continuous wavelet transform is:
WT, (a;by,by) =< f(x, %, ):l//a-bl b, (X0 %) >
(2)
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In which, factor l
a

can guarantee wavelet energy unchanged before and after
stretching.

Inverse wavelet transform of 2D continuous wavelet
transform:

is normalization factor, which

)= Ifj—?jjwn (@b 2 X2,
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The parameters a,bis discretized:a=2', b =al,
And b, = am The discrete wavelet transform is expressed:
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The 2D wavelet function y(x;,X,) is a binary
function which variables can be separated, its formula can
be expressed asy (x,, X,) =w (X )yw(X,) -

Ill.  POINT CLOUD IMAGE DECOMPOSITION AND
RECONSTRUCTION

A. Point Cloud Image Decomposition

For a point cloud image f (x,x,), when j = 0, this
scale of point cloud image is 2’ =2° =1. Since the j
value increases one time, it will double the size of the scale,
and the resolution is reduced to half of the original [10].

The point cloud image can be extended using 2D
wavelet transform technique. At every level of
transformation, each point cloud image is decomposed into
four images, the decomposed image size is a quarter of the
original image. Each image is formed by the inner product
between a wavelet base and original image, then by
resampling in the x-direction at 2 times interval. When j =
1, its expression is:

fzo(nll n,) =[f,(x, %), w (¥ —2n,x, —2n,)]
f2(nny) =[F,06, %) v (¢ =20, %, —2n,)]  (5)
fzz(nl! nz) =[fl(X1, Xz),l/lz(Xl _znlv X, _2n2)]

£2(n,m,) =006, %),° (% —2n;, X, —2n,)]
For subsequent level

i>1, fzﬂ(xl,xz) can be

decomposed into smaller four images on the 2/* scale.
The expression of convolution form:

f;u(nv n,) ={[ fzoj (%4, %) %y (=%, =%, )1(2ny, 2n,) }
f211+1(n1’ n,) ={[ f; (% %) X" (=%, =%,)](2n,, 2n, )} (6)
5 () ={[ ) (%, %) <y ” (=%, =x,)](2n,, 2n,)}
f231+1 (n1' nz) ={[ fZ? (X:L' Xz) ><‘//3(_)(11 —XZ)](an, 2n2)}

At every level four identical interval sampling filter
should be carried out. Because the wavelet function and
scaling function is separable, each convolution can be
decomposed into 1D convolution of rows and columns
of f;()(i,xz)-

The calculation process is shown
represents the decomposed low-frequency
coefficients, cD® ¢D™ , and cD® represent high
frequency coefficients. LD and HD represent low-pass and
high-pass decomposition filters.

In each scale, fz‘](xl,xz) contains low frequency

in Fig.1, cA

information of previous stage, and lej (%, %,) f22j (X, %)
and f; (%, %,) contain horizontal, vertical and diagonal
direction edge information.
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Figure 1. Point Cloud Image Decomposition

B. Inverse Transformation

Inverse transformation process is similar to the process
of transformation, and the calculation process is shown in
Fig.2.

I

extraction A
column convolution —'

Figure 2. Point Cloud Image Reconstruction

IV. POINT CLOUD DATA DENOISING BASED ON
NEIGHSHRINK ALGORITHM

The algorithm can determine whether the wavelet
coefficients of the center of the window are zero or shrink
based on the square sum of all wavelet coefficients within
the neighborhood window. It can also estimate parameters
of each wavelet coefficient based on their respective
neighborhood and can obtain a threshold value for each
sub-band coefficient. Due to the size and shape of the
neighborhood is fixed and cannot be changed adaptively
according to the nature of the point cloud image itself. The
effect of this denoising method is limited. In this paper, the
method of wavelet coefficients neighborhood division is
improved.

A. Wavelet Coefficient Neighborhood Adaptive Division

Let k is a certain even, line number of wavelet
coefficients is i (i=1,---,m), and column number is j
(j=1---,n). According to the following principles, the

neighborhood boundaries of each wavelet coefficient can
be determined based on rank order. The wavelet
coefficients neighborhood are divided as follows:
e Whenij=1, the row neighborhood of the wavelet
coefficients is the first and second row. When j =1,

the column neighborhood of the wavelet
coefficients is the first and second column.

e When 1<i35 , the row neighborhood of the
2

wavelet coefficients is between first and 2j —1 row.

Whenl< j gg, the column neighborhood of the

wavelet coefficients is between the first and the
2j—1 column.
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. Wheng<i<m_g, the row neighborhood of the

wavelet coefficients is between i_E and i+£
2 2

row. When K _ j<n _k ., the column neighborhood
2

2
of the wavelet coefficients is between j_K and
2
j+K column.
2

e When m_g <i<m, the row neighborhood of the

wavelet coefficients is between 2i—m and m
row. When , _k < j <n. the column neighborhood
2

of the wavelet coefficients is between 2j-n and
n column.

e When j=m), the row neighborhood of the wavelet
coefficients is between m—-1 and m row.
When j=n, the column neighborhood of the
wavelet coefficients is between n—1 and N
column.

B. Point Cloud Denoising Using Adaptive Neighshrink

e The 2-D discrete wavelet transform is carried on
the point cloud image with noise, and the
coefficients of each sub-band each layer are
obtained respectively;

e In the high frequency sub bands, neighborhood
division is used to the coefficients using above
method, and the coefficients are processed by the
neighborhood threshold:

Treating threshold wavelet coefficients as dm'n ,

using formula (3.32) shrink, dr‘n,n is factor after
shrinkage:

d,,=dn. %)

The shrinkage factor is defined as «, |

2
A .
o - 1—[S—J if S, ., >4 (8)

0 else

In which, S, = Z d2.. A isthreshold.

(m,n)eWp, ,

e The low frequency and the high frequency sub
bands are reconstructed by the 2-D discrete
wavelet transform, then the point cloud image
after de-noising can be obtained.
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V. EFFECT EVALUATION OF POINT CLOUD IMAGE DE-
NOISING

In order to comprehensively evaluate de-noising effect
of the point cloud image, we use mean square error and
spatial distribution error of point cloud image to assess the
quality of point cloud noise cancellation.

A. Mean Square Error

The template is designed so that author affiliations are
not repeated each time for multiple authors of the same
affiliation. Please keep your affiliations as succinct as
possible (for example, do not differentiate among
departments of the same organization). This template was
designed for two affiliations.

1 m-1 n-1

Sy -KE [ ©

=| y:O

MSE =
mn

x

B. Spatial Distribution Error
SDE =1(x,y)—K(Xx,y) (10)

In which, | represents the original point cloud data
without noise. K represents the point cloud data after noise
elimination. The point cloud image noise spatial
distribution is shown as Fig.3 and Fig.4.

MSE=0.0103/m?

MSE=0.0103/m2«

L

Figure 3. Spatial Distribution Error

SDE/m

Figure 4. Side View of
Spatial
Distribution Error

VI. EXPERIMENTAL RESULTS AND ANALYSIS

In order to verify effectiveness of the algorithm, as
shown in Fig.5-Fig.7, a rectangular point cloud data in
building is selected as the study area, the point cloud data
error lies between +2mm and -2mm, its mean square error
is 0.3 mm?, and the error distribution is shown in Fig.8.

x/me«

Figure 5. Scanned Image

Figure 6. Original Point Cloud
(Front View)
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Figure 7. Original Point Cloud
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Figure 8. Point Cloud Error
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Figure 11. Semi-Soft Threshold
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Figure 13. Semi-Soft and Exponential Figure 14. Generalized Wavelet
Decay Threshold Denoising Threshold Denoising

\JSE—U "ﬁl]” ‘mm?e

A “\hul\ﬂ"“"

'J \1SE 0. 3070 ‘mm?e

n|| |I||||||| i } "“l N||||"mﬂ|||||||||

SN0 %525 0%40LNE IR NN

Figure 15. NeighShrink Algorithm Flgure 16. Adaptive NeighShrink
Denoising Algorithm Denoising
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Known from the above Figures:
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A. Soft threshold and hard threshold: after point cloud
data smoothed, the error distribution lies between +1mm
and -1mm, the mean square error is 0.13mm?,

B. Semi-soft threshold: Using this method and its
various modifications of the algorithm for point cloud data
smoothing, its error distribution lies between +1.5mm,
their mean square error of about 0.2mm?.

C. Generalized wavelet threshold: Using this method,
the point cloud data smoothing, its error distribution is
between + 1mm, their mean square error of about 0.14mm>.

D. Adaptive Wavelet Threshold: Using this method,
the point cloud data smoothing, and its error distribution
lies between £ 0.6mm, their mean square error of about
0.07mm?.

Therefore, all kinds of threshold denoising algorithms
can be used to reduce the noise in the point cloud data.
However, different threshold denoising methods have
different smooth degrees. Wherein the effect of semi-soft
threshold is worst, the proposed adaptive neighborhood
denoising method works the best.

VII. CONCLUSIONS

Point cloud data denoising principle and existent key
problem based on wavelet transform technology were
discussed in this paper. The method of adaptive wavelet
coefficients neighborhood in threshold was improved and
applied to original point cloud data. According to
experiments, the residual error of point cloud data Iles
between + 0.6mm, its mean square error is about 0.07mm?.
Therefore, the technology applied to the point cloud
denoising has good prospects.
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