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Focusing on the 3D topographic characteristics of rolling contact fatigue, a reconstruction method of the fatigue surface of roller
based on point cloud data was proposed in this research. A 3D laser scanner was used to capture the data of point cloud on the
surface of the fatigue roller. +e gradient segmentation method was used to achieve segmentation of the fatigue contact surface,
and the Kd-Tree algorithm in Statistical Outlier Removal filter was adopted to remove different types of noise. +e greedy
triangulation and hole repair and reconstruction of the curled point cloud were conducted. +e experimental results showed that
the segmentation accuracy of the fatigue contact surface was above 97.7%, the curling error rate of point cloud was 0.09%, and the
maximum deviation of the reconstructed fatigue roller surface was 0.0199mm. +ese methods can be applied to analyze the
working conditions of roller specimen and contact fatigue.

1. Introduction

Contact fatigue is a kind of surface fatigue damage phe-
nomenon in which the contact surface of contact material
forms pits with the influence of long-term cyclic contact
stress [1, 2]. In engineering fields, such as machinery, ve-
hicles, ships, and aviation, some parts under rolling contact
conditions, such as rolling bearings, shafts, cams, and gears,
which often fail due to contact fatigue, are frequently used
[3, 4]. According to statistics, 80% to 95% of mechanical
failures were the results of metal fatigue. +e annual GDP
loss is as high as 4% worldwide [5–7]. Hence, accurate
acquisition of the contact fatigue performance parameters of
metal materials is of great significance to prevent contact
fatigue accidents [8, 9]. In addition, methods to determine
fatigue failure in the fatigue contact test are mainly realized
through human eye observation, vibration signal, temper-
ature signal, friction torque signal analysis, and acoustic
emission detection [10–12]. +e direct detection method is
manual visual detection. +e rest are the indirect detection
method. Although they are widely used at present, they all
are unable to quantify the problem of fatigue pitting defect
information and visualize issues, such as fatigue status.

In order to obtain the capability to detect and identify
the fatigue defects of parts in real time and in an accurate
manner, the machine vision-based detection technology
has been introduced for the rolling contact fatigue test.
Sun et al. [13] made use of neighborhood weighted seg-
mentation to extract surface defects and detected cam-
shaft surface defects, which has been a success. Xie et al.
[14] came up with an algorithm to extract key parameters
of carrot surface defects based on machine vision. In this
case, carrot surface defect detection and online classifi-
cation have been realized. Nirbhar et al. [15] came up with
a global adaptive threshold method based on gradient
images to detect steel surface defects. Given that this
method failed to pay sufficient attention to the local
features of the image during the threshold selection
process, the edges of some defects were not correctly
identified. In addition, an improved Otsu algorithm based
on automatic weighted threshold proposed by Xu et al.
[16] can achieve a good segmentation of rolling contact
fatigue defect detection. +e above detection methods
only detect the surface defects of the workpiece in two
dimensions, without detecting important information
such as the three-dimensional shape of the defect, or
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visualize the defects. Certainly, these methods have
limitations.

+e 3D reconstruction technology based on machine
vision features high accuracy, good real time performance,
and fast speed [17, 18]. Scholars at home and abroad have
performed extensive research on it. Although the 3D re-
construction technology based on machine vision has been
widely used in various fields, there is no research on its
application in rolling contact fatigue test. +e 3D recon-
struction technology in other fields can be used as references.
Snavely et al. [19] developed an interactive 3D recon-
struction system. +e system is able to automatically cal-
culate the viewpoint of each photo and the sparse model
between the scene and the image. Nonetheless, the recon-
struction effect is not clear enough and the degree of vi-
sualization is low, which are the disadvantages. Furukawa
et al. [20] proposed a method to obtain a complex 3D model
from multiple calibrated pictures. Microsoft Research
launched the Kinect Fusion project [21], in which the Kinect
sensor was used for the sake of acquiring the depth image
data of the scene in multiple directions, and reconstructing
the 3D model of the scene in real time. Microsoft Research
announced the Mobile Fusion project [22] to collect data
through the mobile phone RGB camera. Also, reconstruc-
tion technology can be used to complete the reconstruction
of the target object. In the current rolling contact fatigue test,
the acquired fatigue pitting defect information is not perfect.
Problems such as the inability to visualize the fatigue pitting
corrosion state and display the three-dimensional mor-
phological characteristics of the sample after failure are both
important issues.

A method of 3D topography reconstruction of the fa-
tigue roller surface based on point cloud data was conducted
for the sake of resolving the problems above. +e method in
the present study is based on point cloud data and researches
the processing algorithm of 3D point cloud data. A
denoising algorithm for the fatigue roller surface point cloud
based on conditions and statistics was designed aiming at the
different types of noise in the roller surface point cloud data.
+e algorithm can improve the quality of the point cloud. In
order to realize the reconstruction of the three-dimensional

topography of the fatigue roller surface, this paper studies
the 3D reconstruction algorithm, which can visualize the
three-dimensional topography of the failure surface of the
roller sample. +en the experimental results of the three-
dimensional shape reconstruction of the roller sample are
illustrated and analyzed. Some discussions and conclusions
are given finally.

2. Fatigue Test System

Figure 1(a) shows the contact fatigue testing machine de-
veloped by our research group. It collected sample surface
information in real time through the image acquisition
system. Figure 1(b) shows the original image of the sample.
+en the collected images have been analyzed after com-
puter processing. After that, users may determine whether
the sample has fatigue failure according to the result. +e
machine will be shut down immediately when the fatigue
goes beyond the standard. +is machine made use of 2D
image area to judge failure. In addition, the 3D topographic
characteristics of rolling contact fatigue are an urgent need
as per the deep research on the failure.

3. Methods

3.1. Data Collection and Preprocessing

3.1.1. Point Cloud Data Acquisition. In recent years, 3D laser
scanning technology has developed rapidly. 3D recon-
struction based on point cloud data has long become a hot
and thought-provoking research topic [23–25]. +e 3D laser
scanning technology made use of noncontact active mea-
surement method to collect point cloud data, which has the
characteristics of strong real time, fast scanning speed, and
high precision. For the rolling contact fatigue test, in the
present study, the fatigue failure of the roller specimen was
taken as the research object. +e Gocator2420 laser scanners
produced by the LMI Technologies company (LMI) was used
to obtain the three-dimensional information of the fatigue
roller surface. +e intact and defect-free standard roller
surface were firstly used as the reference surface before

(a) (b)

Figure 1: Test equipment and samples. (a) Contact fatigue testing machine and (b) main specimen and companion specimen.
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acquiring the point cloud data. After that, the Z-direction
zero value was calibrated via the software equipped with the
laser sensor. +en the external encoder pulse signal was used
at appropriate speed to trigger the laser scanner and scan the
surface of the test piece. Finally, the original point cloud
image of the test piece was obtained.

3.1.2. Data Preprocessing

Fatigue Contact Surface Segmentation. High accuracy of the
Gocator laser scanner contributes to large amount of point
cloud data acquired. Too much point cloud data tends to
reduce the operating speed of the computer. +erefore, it is
necessary to segment the point cloud of the fatigue contact
surface from the acquired point cloud data. It can be found
that the roller boss part is the fatigue contact surface upon
the analysis of the roller structure and the original data. Also,
the fatigue contact surface point cloud and the nonfatigue
contact surface point cloud in the point cloud data obtained
are not in the same plane, but in the Z-axis direction. Be-
sides, a certain gradient is present, which is shown in Fig-
ure 1. Hence, this present study made use of gradient
segmentation [26] to extract the point cloud data of fatigue
contact surface. Given that the origin of the point cloud is at
the center of the original point cloud, the X coordinates of
the points where the Z-direction coordinate changes on the
original point cloud graph were counted respectively. Also,
the average values of the X coordinates of these sudden
changes were calculated respectively as the upper and lower
thresholds of the gradient segmentation. +e expression of
the gradient segmentation function to extract the point
cloud data of the fatigue contact surface is

ds t(x, y, z) �
src(x, y, z), t≤x≤T,

0, otherwise,
 (1)

where src(x, y, z) is the original coordinate of the point
cloud and t and T are the upper and lower thresholds of
gradient segmentation, respectively.

Point Cloud Denoising. +e above method was used to
segment and extract the obtained fatigue roller surface point
cloud data. However, some noises can still be heard in the
extracted roller fatigue contact surface point cloud owing to
the influence of equipment and external environmental
factors, such as light, vibration, and occlusion. +ese factors
have been proven to be able to affect the segmentation and
extraction of point cloud data and reduce the quality of
point cloud. According to the analysis of the obtained
point cloud image of the fatigue roller surface, it has been
found that these noises mainly exist in three types: solitary
points, chamfer edge noise, and outlier noise, as shown in
Figures 2(a)–2(c).

In the present research, after analyzing the types of noise
points on the point cloud on the surface of the fatigue roller,
a set of denoising algorithms was designed specifically for
the point cloud on fatigue roller surface. After that, a
standard roller sample was further used as a calibration part
to calibrate the measurement system before obtaining the
point cloud data. +e removal of different types of noise on
the surface of the fatigue roller has been achieved through a
combination of conditions and statistics. Among them, for
isolated points and chamfer edge noise, the value of the point
cloud coordinate axis direction is used as the judgment
condition by setting corresponding conditions, thus real-
izing the removal of these two types of noise.

For outlier noise points, the average distance from each
point to its neighbors is counted. In addition, the result
approximately conformed to the Gaussian distribution. +e
distribution of adjacent point clouds shows a feature of
symmetry and uniformity. +e probability density function
is

(a) (b)

(c)

Figure 2: Types of noise points on the surface of fatigue rollers. (a) YZ plane view of isolated point, (b) different angle views of noise on the
chamfered edge, and (c) different angle views of outlier noise.
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where xi is the average distance of the neighborhood of any
point, μ is the mean value of the average distance of the
neighborhood, and σ is the standard deviation.

Given that outlier noise features uneven density and
relatively sparse property, the calculation of the distance
distribution from one point to its adjacent point in the input
data can be used to eliminate the noise. Hence, the Kd-Tree
algorithm in the Statistical Outlier Removal filter [27] was
used to remove outlier noise. First traverse the point cloud
and find the K adjacent points corresponding to each point
Pi(xi, yi, zi) (i � 1, 2, . . . , n). For each point, calculate the
average distance from it to all its adjacent points; remove the
points with the average distance from K adjacent points
exceeding the standard range D, D � μ ± ασ, and α is a
constant, which is a multiple of the standard deviation.+e
average distance di, mean μ, and the calculation expression
of standard deviation σ is

di �
1
k



k

j�1

����������������������������

xi − xj 
2

+ yi − yj 
2

+ zi − zj 
2



,

μ � 
n

i�1

1
n

di, σ �

������������

1
n



n

i�1
di − μ( 

2




.

(3)

3.2. 3D Reconstruction of the Fatigue Roller Surface

3.2.1. Point Cloud Curling. Given that the test piece is a
rotating body roller specimen, point cloud crimping was
come up with to make the reconstruction result consistent
with the original specimen shape:

(1) Find the curl radius R: first, obtain the point with the
largest absolute value of the coordinate in the Y-axis
direction of the point cloud according to the input
point cloud image. +is point is the end point of the
input point cloud image. Since the coordinate origin
of the input point cloud image is at the center of the
point cloud image, the Y coordinate value of the end
point is half the circumference of the point cloud, so
the radius R after rolling up is obtained.

(2) Find the radian: take the point cloud coordinate
origin O as the starting point of the first curl, find
the radian value αi corresponding to the arc
length from any point Pi(xi, yi, zi) (i � 1, 2, . . . , n)

to this point, and find the sine sin αi and cosines
cos αi corresponding to the angle, where
αi � (Li/R), (i � 1, 2, . . . , n).

(3) Find the center of the curling circle: take the point O
and let it be perpendicular to the XY plane, with the
point with a length of R as the center of the first
curling circle. +e obtained center coordinates are
the X and Y coordinates of the origin point cloud.
Add R to the coordinate value.

(4) Point cloud curling: the curling process is actually
the process of point cloud coordinates changing.
Take the first circle of curling as an example,
where the X coordinate of each point remains
unchanged. +e Y coordinate of each point is the
curl radius plus the distance from each point in
the Z direction to the starting point in the Z
direction, multiplied by its sine value, and finally
the center coordinate Y value is added. +e Z
coordinate of each point is the curl radius plus the
distance from the Z direction of each point to the
Z direction of the starting point, multiplied by the
cosine value, and finally the center coordinate Z
value, thus completing a circle of point cloud
curling.

(5) Change the coordinates of the center of the circle,
traverse all the points, then repeat step (4). In this
way, the point cloud would be curled.

3.2.2. Point Cloud Gridding. +e current surface recon-
structionmethods based on point cloud data are divided into
three categories mainly: implicit surface reconstruction [28],
parametric surface reconstruction [29], and mesh surface
reconstruction [30]. In the present study, the mesh surface
reconstruction method based on the greedy algorithm is
used to triangulate the preprocessed point cloud to recon-
struct the three-dimensional mesh surface of the fatigue
roller.

+e greedy triangulation algorithm is a fast and efficient
method for 3D surface reconstruction. It projects 3D points
to the corresponding plane through the normal direction to
triangulate, thereby obtaining the topological structure
between the original 3D points. +e algorithm steps are as
follows:

(1) Let the point cloud data set be Q � Qi, i � 1, 2, 3,

. . . , n}. Use k-d tree to establish spatial neighbor-
hood index.

(2) Choose one of the points Qi as the starting point, and
use the point and its k adjacent points to fit the point-
domain normal vector N. From the point and the
normal vector N, the tangent plane of the point can
be obtained.

(3) Project the point Qi and its k adjacent points on the
plane V1, obtain the original point Qj corresponding
to the nearest point of the point Qi according to the
neighboring relationship of the projected point, and
connect with Qi and Qj as the starting edge of the
triangulation.

(4) Fit the tangent plane from the connection between
Qi and Qj and the adjacent points to acquire the
tangent plane V2.

(5) Project the adjacent points near the line QiQj seg-
ment onto the plane, then use the Delaunay trian-
gulation method to find the corresponding third
original point Qk, and connect the three points to
form the first triangle.
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(6) +e three sides of the first triangle are taken as the
starting side, then repeat step (5) to traverse all the
spatial points to complete the point cloud gridding.

3.2.3. Point Cloud Hole Repair and Reconstruction. Holes
show up in the missing parts of the point cloud data after
point cloud gridding. +e quality of the reconstruction
would be directly affected if these missing areas were not
repaired [31]. +ere are two main types of hole repair
methods in 3D reconstruction. One type of methods is the
hole repair based on scattered point clouds [32]. +e other
type is the repair of surface holes based on triangular meshes
[33]. To create a surface patch, the hole repair based on
scattered point cloud is based on the scattered points at the
boundary of the hole. +is repair method is suitable for
surfaces with small curvature changes, while the surface hole
repair based on triangular meshes tends to present more
uniform distribution of point clouds. +e curved surface has
a remarkable effect. +e repair has been implemented in the
present study Geomagic Studio software. +e repair and
reconstruction process mainly uses meshing to find the
boundary of the hole and fill the hole based on the curvature.
According to the reconstruction results, the shape charac-
teristics of the roller fatigue contact surface have been
soundly maintained, marking an important support for
analyzing the contact fatigue performance of the roller
specimen under simulated working conditions.

4. Results and Discussion

4.1. Test Conditions. In order to verify the point cloud
processing method and reconstruction effect for rolling
contact fatigue rollers proposed in the present study, 4 types
of fatigue rollers with different widths and different fatigue

effects were selected for experimental tests. +e test process
is to install VS2015 on a PCwith 3.2GHz processor and 8GB
memory and, on this basis, configure the PCL1.8.0 envi-
ronment. +e overall flow chart of point cloud processing
and 3D reconstruction are shown in Figure 3.

4.2. Denoising Results of Point Cloud on the Fatigue Roller
Surface. +e choice of the value of k and αwill directly affect
the denoising effect. If the selected value of k is too large or
the value of α is too small, the denoising would be prone to
becoming excessive denoising. If the selected value of k is too
small and the value of α is too large, the denoising effect will
not be good. +is paper uses many different experiments to
determine the appropriate value of k and α. +e denoising
effect tends to be better as the k value is selected in the range
of 20–40. Similarly, when the α value is selected in the range
of 1–3, the denoising effect is better. +e experimental
pictures are shown in Figure 4 in the range of k and α. Table 1
shows the experimental data. In addition, according to the
effect of these pictures, when k� 40, α � 1, part of the point
cloud at the pitting defect is regarded as the excessive point.
When k� 20, α � 3, the noise at the pitting defect is not
completely removed, and there are still noises at the position
of the yellow circle in the picture. +e denoising results of
point cloud on fatigue roller surface show up as k� 30 and
α � 2.

+e point cloud of the four types of fatigue roller contact
surface after segmentation is shown in Figures 5(a), 6(a),
7(a), and 8(a). By means of the condition and statistics-based
method of denoising the point cloud of the fatigue roller
surface in the present study, the noise points in the point
cloud have undergone denoising experiments. +e ex-
perimental results are shown in Figures 5(b), 6(b), 7(b),
and 8(b).

Calibration Fundamentals

Statistical calculation of
segmentation threshold points

Get point cloud data

Fatigue contact surface segmentation

Calculate the curl
radius and center

coordinates

KD-tree neighborhood search
statistics

Point cloud filter
denoising

Whether
there is no 

access point?

Y

Y

Y
N

N
N

Point cloud curling

Is the
curl

complete?

Tangent plane point
cloud projection

Triangulation based on Delaunay

Spatial triangle meshing

Is the
gridding

completed?

Void repair and reconstruction

Figure 3: Flow chart of point cloud processing and 3D reconstruction.
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For the denoising algorithm in the present study, the
confusion matrix method is used to calculate the accuracy
rate P and the recall rate R of the experimental results to
evaluate the effectiveness of the denoising algorithm. +e
precision rate P represents the accuracy of the prediction in
the result of the positive sample, and the recall rate R
measures the classifier’s ability to recognize positive ex-
amples. Among them, TP means that the positive class is
judged to be a positive class, and the positive class here is a
nonnoise point. FP means that the negative class is judged to
be a positive class. FN means that the positive class is judged
to be a negative class. TN is judged to be a negative class.

P �
TP

TP + FP
× 100%,

R �
TP

TP + FN
× 100%.

(4)

It can be found that after denoising the fatigue roller
contact surface point cloud by using the method in the
present study, the isolated points, chamfer edge noise, and

outlier noise in the fatigue roller contact surface point cloud
are effectively removed. After comparing the point cloud
images of different types of fatigue roller contact surface
before and after denoising, it can be found that the point
cloud of the fatigue roller contact surface after denoising
maintains the basic characteristics of the point cloud
model.

In order to compare with traditional denoising algo-
rithms, this paper uses conditional denoising and statistical
denoising methods to carry out denoising experiments on
the contact surface of the fatigue roller. Table 2 shows the
accuracy rate P and the recall rate R calculated by using the
conditional denoising and statistical denoising algorithms,
respectively. Figure 9 is the comparative effect diagram of a
fatigue roller with a contact surface width of 4mm after
using conditional denoising and statistical denoising.

Upon comparison of Tables 2 and 3, the precision rate P

and the recall rate R in the conditional denoising or sta-
tistical denoising algorithm are lower than those of the
fatigue roller surface point cloud denoising algorithm based
on conditions and statistics. In addition, according to Fig-
ure 9, the solitary point and chamfer edge noise can basically
be removed after the conditional denoising of the fatigue
roller contact surface. Nonetheless, the noise near the fatigue
defect has not been effectively removed, especially the in-
ternal separation of the fatigue defect. Group noise still
exists. Besides, the outlier noise inside the fatigue defect is
effectively removed after using statistical denoising to
denoise the point cloud of the fatigue roller contact surface.
Notwithstanding, the isolated point and chamfer edge noise
have not been removed. In this regard, it has been inferred
that the cloud denoising algorithm has a more obvious
denoising effect on the point cloud of the fatigue roller
contact surface, enhancing the denoising efficiency and
laying the foundation for the subsequent 3D topography
reconstruction.

(a) (b)

(c) (d)

Figure 4: Denoising effect of discrete noise on the contact surface of fatigue roller with different parameters. (a) Discrete noise map of fatigue
roller contact surface; (b) denoising effect picture when k� 40 and α � 1; (c) denoising effect picture when k� 20 and α � 3; and (d) denoising
effect picture when k� 30 and α � 2.

Table 1: Comparison of noise reduction with differentK values and
α values.

K α Number of point clouds after denoising/piece Denoising
ratio/%

40 1 871872 3.231
40 2 883319 1.961
40 3 892701 0.920
30 1 872010 3.216
30 2 885705 1.695
30 3 892694 0.920
20 1 879655 0.236
20 2 889049 0.132
20 3 894426 0.072
+e number of point clouds before denoising is 900991/piece.
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4.3. Reconstruction Verification of the 3D Topography of the
Fatigue Roller Surface. +e method in the present study was
used to test the selected four different rolling contact fatigue

rollers. +e point cloud models are shown in Figure 10(a),
and reconstruction results are shown in Figure 10(b), the
deviation analysis of the results of the contact surface

(a) (b)

Figure 6:+e results of point cloud denoising for the roller with a contact surface width of 5mm. (a) Point cloud before the denoising roller
and (b) point cloud after the denoising roller.

(a) (b)

Figure 7:+e results of point cloud denoising for the roller with a contact surface width of 6mm. (a) Point cloud before the denoising roller
and (b) point cloud after the denoising roller.

(a) (b)

Figure 8: +e results of point cloud denoising for the roller with a contact surface width of 10mm. (a) Point cloud before the denoising
roller and (b) point cloud after the denoising roller.

(a) (b)

Figure 5:+e results of point cloud denoising for the roller with a contact surface width of 4mm. (a) Point cloud before the denoising roller
and (b) point cloud after the denoising roller.

International Journal of Optics 7



reconstruction of these four types of fatigue rollers were
performed, and the results are shown in Figure 10(c). By
comparing the model renderings of each roller, the method

in the present study can use the three-dimensional point
cloud data obtained by scanning to effectively segment the
fatigue rollers with different widths and different fatigue
effects. In this way, the outlier noise can be removed in a
better way. In addition, the curling of the point cloud
image was realized, and a high-quality three-dimensional
model of the contact surface of the fatigue roller was fi-
nally reconstructed.

+e result of the comparison of themeasured value of the
standard fatigue contact surface width with the segmented
fatigue contact surface width model value is shown in
Figure 11. +e root mean square error between the two is
0.0497mm. According to statistics, the error range of the
fatigue contact surface width after segmentation is 0%–2.3%,
most of which are between 0 and 1%. +e accuracy of the
contact surface segmentation model is relatively high, thus

Table 2: Calculation of precision rate P and recall rate R by using conditional denoising or statistical denoising.

Data group Type TP FP FN TN P R (%)

① Conditional 810573 1054 10179 280 99.87% 98.76
Statistical 809714 1185 11038 189 99.85% 98.66

② Conditional 881565 1528 9853 5891 99.83% 98.89
Statistical 880870 1835 10548 5584 99.79% 98.82

③ Conditional 1181535 3254 8876 1196 99.73% 99.25
Statistical 1179126 4025 11285 425 99.66% 99.05

④ Conditional 2014943 2217 14526 7101 99.89% 99.28
Statistical 2014027 3856 15442 5462 99.81% 99.24

⑤ Conditional 881393 4421 17254 293 99.5% 98.08
Statistical 878101 4620 20546 94 99.48% 97.71

⑥ Conditional 833937 1115 8896 481 99.87% 98.94
Statistical 831380 1420 11453 176 99.83% 98.64

⑦ Conditional 908116 3051 12549 2002 99.67% 98.64
Statistical 907141 1853 13524 3200 99.79% 98.53

⑧ Conditional 791856 2569 11548 1767 99.68% 98.56
Statistical 788164 2485 15240 1851 99.69% 98.1

(a) (b)

(c)

Figure 9: +e results of point cloud denoising for roller with the contact surface width of 4mm. (a) +e result by using conditional
denoising. (b) +e result by using statistical denoising. (c) +e result by using the conditional and statistical method.

Table 3: Calculation of precision rate P and recall rate R of the
denoising algorithm in the present study.

Data group TP FP FN TN P R (%)
① 820700 72 52 1302 99.99% 99.99
② 891302 50 116 7369 99.99% 99.98
③ 1190301 1095 110 3355 99.91% 99.99
④ 2029413 72 56 9246 99.99% 99.99
⑤ 898578 2656 69 2058 99.71% 99.99
⑥ 842751 88 82 1508 99.98% 99.99
⑦ 920546 802 119 4251 99.91% 99.98
⑧ 803362 510 42 3826 99.94% 99.99

8 International Journal of Optics



(a) (b) (c)

Figure 10: Point cloud reconstruction and deviation diagram of different fatigue roller contact surfaces. (a) Point cloud before recon-
struction of different roller contact surfaces, (b) reconstruction results of different roller contact surfaces, and (c) reconstruction deviation
diagram of different roller contact surface.
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directly reflecting the segmentation accuracy of the fatigue
roller contact surface. According to the point cloud
denoising method and the denoising model, as K� 30, α � 2,
the outlier noise removal effect tends to be the best. It can
effectively remove the outlier noise for different fatigue
rollers. Statistics of the number of point clouds before and
after curling found that the number of point clouds after
curling is exactly the same as the number of point clouds
after denoising. It has proven that all points are curled, the
radius of the point cloud after curling is 29.97mm, the
curling error rate is 0.09%, and the crimping accuracy is
higher. In addition, the analysis results of the deviations of
these types of fatigue rollers after reconstruction showed that
the maximum deviation is 0.0199mm. +e method in the
present study can reconstruct the morphological charac-
teristics of the fatigue rollers well.

5. Conclusions

A 3D reconstruction method for fatigue roller specimens
based on point cloud data was proposed in this present
study. In this 3D reconstruction method, the point cloud
data of the roller specimen was collected after fatigue failure
through a three-dimensional laser scanner, and then the
average X coordinate of the point where the Z-axis coor-
dinate changes on the original point cloud image were
counted as the point cloud segmentation threshold. +en,
the fatigue contact of the roller surface point cloud was
segmented, and filtering and denoising preprocessing was
conducted on the segmented point cloud. In addition, the
point cloud was crimped for the sake of driving the
reconstructed 3D model consistent with the actual roller
specimen. In the end, the crimped point cloud was greedily
triangulated and hole repaired and reconstructed, thereby
obtaining high-quality fatigue. Besides, 3D mesh model of
the roller surface was used. +is method has the following
advantages:

(1) +e method proposed in the present study is based
on real 3D point cloud data. Hence, the recon-
structed 3D model can truly reflect the 3D topog-
raphy of the roller after fatigue failure.

(2) +e point cloud curling method proposed in the
study is also capable of effectively transforming the
flat point cloud image into the point cloud image of
the revolving body. In this way, the reconstructed 3D
model is consistent with the actual roller shape.

(3) +e point cloud data was processed by gridding, and
the gridded 3D model was optimized for hole repair
to realize the 3D reconstruction of the surface of the
roller specimen after failure and effectively retain the
shape of the failure surface. +ese characteristics
provide a reliable basis for the later analysis of
contact fatigue performance of the roller specimen
under the simulated working conditions.
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