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This paper is conducted to explore a new characterization method as a supplement to the traditional roughness characterization.
The main research includes the extraction and evaluation of damage features of ceramic surface morphology by applying wavelet
methods, the extraction of damage features in surface contours by using wavelet analysis, and the quantitative evaluation of
damage degree by using damage rate and damage mean spacing. By comparing various fractal dimension calculation methods,
a fractal dimension method suitable for calculating the ceramic surface was selected, and the fractal method was used to
describe the ceramic surface topography as a whole. By comparing different methods of calculating the fractal dimension and
further verifying them with the measured three-dimensional morphology, it is found that the vibrational method is more
suitable for calculating the fractal dimension of ceramic surface, and its calculation accuracy is investigated, and the results
show that the method is a reliable one. Based on the fractal theory, a mathematical model of surface wear and surface sealing
was established. Further study of the model shows that the surface with a large fractal dimension has a good sealing effect; the
surface corresponding to the best fractal dimension is the most resistant to wear. The fractal method can characterize the
complexity of the surface profile as a whole. The wavelet method can describe the ceramic surface profile from a local
perspective, and the combination of the two methods can characterize the ceramic surface well. Finally, the experimental
device of the ceramic surface defect detection system is constructed, and the joint debugging of hardware and software is
completed. Under different light source intensities, ceramic image samples are collected, and the accuracy detection
experiments of sample defective edges are conducted, and the results show that the light source has a small impact on the
accuracy of ceramic defective edge detection. The results show that the light source has more influence on the accuracy of
scratch detection. The results show that the system constructed in this thesis has good applicability for different ceramic
sample detection.

contact strength, friction and wear, and the nature of the fit,
as well as transmission accuracy, have a great impact; thus, in

Due to the hard and brittle nature of ceramics, their poor
thermal conductivity and wear resistance make them very
difficult to machine. Currently, ceramic processing is mainly
based on grinding with diamond tools (mainly grinding
wheels) [1]. The processed surface generally has textural
characteristics related to the processing method as well as
broken, scratched, cracked, and other damage, and the geo-
metric structure of these rough surfaces has a close relation-
ship with many surface features, such as the following: in the
mechanical industry, the surface shape characteristics of the
processing, not only on the entire system of contact stiffness,

the electronics industry, the roughness of the silicon wafer
surface has an increasing impact on the thin film capacitance
and thin film resistance in the integrated circuit, thus affect-
ing the performance and yield of the entire integrated circuit
device; in the biomedical manufacturing industry, the surface
morphology of artificial joints and other artificial organs will
directly affect the flexibility and life of the joints; in the aero-
space manufacturing industry, the surface shape of optical
components, even if only a small microscopic bump, will
cause light scattering and make the performance of the opti-
cal system worse, thus affecting the performance of the whole
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system [2]. In addition, the use conditions of ceramic mate-
rials are generally high temperature, high pressure, high
speed, and heavy load, which requires very high surface qual-
ity. Therefore, how to reasonably characterize the surface
morphology of ceramics is of great importance to improve
the surface quality and performance of machined parts [3].

With the improvement of artificial intelligence technol-
ogy, especially the promotion of support vector technology
research results, a large number of scholars began to apply
support vector technology to ceramic surface image texture
feature analysis [4]. However, a large number of training
samples are required for modeling using support vector
techniques, and the field data collected by automatic detec-
tion equipment from the production process contains a large
amount of noise, which will reduce the accuracy of the
model ceramic surface image texture feature analysis when
applied directly to the constructed ceramic surface image
texture feature model. In the field of signal processing, the
wavelet analysis technique is applied to the production pro-
cess ceramic surface image texture feature analysis because it
can remove noise well and retain the basic change trend of
the signal; using wavelet analysis to remove noise becomes
an important means to improve the effect of ceramic surface
image texture feature analysis. And support vector data
description algorithm is an improved algorithm of support
vector technique, which can solve the single classification
problem well [5]. In this paper, wavelet denoising technique
is combined with support vector data description algorithm
to propose a new ceramic surface image texture feature
method, which reduces the noise factor by threshold denois-
ing preprocessing of historical data and then constructs a
model using support vector data description algorithm for
real-time ceramic surface image texture feature analysis of
abnormal nonlinear contours to meet the needs of complex
ceramic surface image texture feature processing [6].

This paper focuses on wavelet-based texture analysis of
ceramic surface images and accomplishes the task of texture
analysis of ceramic surface images through the developed
inspection software system. In the wavelet analysis-based
ceramic surface image texture feature analysis method, the
image quality is critical to the impact of the detection results,
but the actual detection process is inevitable noise interfer-
ence, including material texture noise interference and vari-
ous types of pseudo-crack noise interference on the surface
of the ring, where the material texture brings random noise
interference to the detection process, and various types of
pseudo-crack features are very similar to the crack features
on the image, which is very easy to cause misidentification
of crack detection. To cope with the material texture noise
interference, the material texture noise is first analyzed,
and the filtering algorithm is studied based on the texture
noise analysis, to remove the material texture noise interfer-
ence while preserving the crack features [7]. Chapter 1 is the
introduction, which mainly discusses the background and
significance of this research and also explains the research
framework of this paper. The second chapter presents the
related work, the current status of domestic and interna-
tional research on wavelet-based texture analysis of ceramic
surface images, and the overall structure of the paper. The
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third chapter of this paper is the research on the texture fea-
ture analysis of ceramic surface images based on wavelet
analysis, which mainly includes the selection of visual com-
ponents, the analysis of interference noise in image crack
detection, the research of filtering algorithm, and image
sampling method. Chapter 4 analyzes the cracking charac-
teristics and image features of cracks, proposes a new image
crack detection method combining image gradient vector,
local descriptor, local energy, forward propagation, seed
point, and region growth, and performs algorithm perfor-
mance verification. Chapter 4 is the result analysis, which
investigates the optimal feature combination to classify and
identify the crack features and interference features and
completes the feature training. Chapter 5 is the conclusion,
which summarizes and outlooks this paper.

2. Related Work

Kuan filtering, Lee filtering, and Frost filtering use the local
statistical properties of the image to calculate the degree of var-
iation of the window and use an all-pass filter in regions with
large coeflicients of variation and a low-pass filter in regions
with small coefficients of variation. This results in improved
edge retention and good denoising but is less suitable for com-
plex texture images [8]. The selection of the median filter win-
dow size is most important when the window is large and the
denoising ability is strong, but the detail information is lost
seriously; when the window is small, the smoothing ability is
poor, the denoising effect is not satisfactory, and the edge
information is well maintained [9]. Kushwaha and Patel pro-
posed a weighted median filter; this method has a good
denoising effect on impulse noise and small speckle noise,
for example, ceramic surface image, but it is not ideal for
denoising the image with a large scatter size like ceramic sur-
face image [10]. Ghannadi et al. [11] proposed a new full var-
iational block matching ceramic surface image noise reduction
algorithm by combining the full variational algorithm with the
3D block matching image noise reduction algorithm [12].
Chen et al. proposed an image correlation noise reduction
algorithm, which first uses the target characteristics to reject
the stationary target and then further filters the random noise
by using the persistence of target motion and the spatial loca-
tion correlation of target echoes in consecutive multiframe
images [13]. Since wavelet transform has good time-
frequency localization characteristics and multiscale analysis
capability, many scholars have proposed wavelet theory-
based edge detection algorithms [14].

Studying the image feature extraction problem is a very
effective way to consider the image features with invariance
[15]. The orthogonal moment feature as a global feature of
the image has the invariance of translation, rotation, and
scale, and it is an accurate and convenient method to extract
the moment feature of ceramic surface image for recognition
work. Hwang et al. proposed a fast and stable Zernike
moment algorithm based on the iterative relation of Zernike
moment polynomials, and similarly, Pan et al. proposed a
fast and stable algorithm for Fourier Merlin moments. By
using such an iterative relation for the calculation, the high
power exponential operation in the direct calculation of
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the higher-order moment kernel function by equation is
avoided; thus, the overflow error and the computational
accuracy error are well suppressed, and the computational
speed and computational accuracy of the algorithm are
improved at the same time [16]. In summary, although such
iterative algorithms improve the overflow and computa-
tional accuracy errors, they still do not solve the problem
of numerical integration errors. Recently, some research
works have also appeared for improving the time-
frequency characteristics of the kernel equation and thus
reducing the numerical integration error [17]. Oni et al. pro-
posed a new circular moment named circular half-
orthogonal moment, which uses the modulation envelope
to compress the bandwidth of the radial basis function and
reduce the degree of undersampling, thus achieving the pur-
pose of reducing the numerical integration error [18].

The existence of nonconductive characteristics of ceramics
limits the means of detection of ceramic materials, for exam-
ple, the more widely used electromagnetic nondestructive test-
ing technology will not be used in the detection of ceramics.
Surface defects in engineering ceramics are often characterized
by large differences in size, shape, and location, and so far the
detection methods have not met the actual production needs
[19]. Therefore, the study of advanced ceramic surface quality
inspection techniques will improve the quality and yield of
engineering ceramics and can effectively reduce production
costs. Edge detection algorithms have always been the hot spot
of image processing and machine vision research; how to
remove the noise while maintaining the edge well is a difficult
research point. Combine the support vector machine with the
neural network to identify the deviation of the mean and var-
iance in the model. The support vector machine is used to
monitor the nonlinear contour fitting curve itself rather than
the model parameters. When the number of independent var-
iables and response variables increases, the support vector
machine method performs better than other methods. How-
ever, training support vector machine models requires normal
samples and abnormal samples. When there are few or miss-
ing abnormal samples, the accuracy of model monitoring will
be reduced. In order to better solve the single classification
problem, support vector data description is introduced into
the field of contour control. This algorithm is an improved
algorithm of support vector machine, which can solve the
problem that abnormal samples are difficult to collect.

3. Wavelet Analysis-Based Texture Analysis of
Ceramic Surface Images

3.1. Ceramic Surface Image Texture Feature Extraction. The
wavelet transform has better local and multiresolution analysis
capability to approximate and detect edges at multiple scales,
suppressing noise at large scales and pinpointing edges at
small scales, and smoothing the noise while still preserving
the image edges [11]. Define the two-dimensional smoothing
function, use its first-order partial derivatives in the horizontal
and vertical directions as the two fundamental wavelets of the
image transform, and then define the convolution of the scal-
ing wavelets of the fundamental wavelets in the two directions
with the image as the horizontal and vertical components of

the wavelet transform, respectively, and find out the modulus
and amplitude angle of the wavelet transform, and define the
modulus maximum of the wavelet transform along the phase
angle direction as the image edge. The two-dimensional
smoothing function is shown in Equation (1).

fxy) =[S (xy), dxdy #0. (1)

The first-order derivative of this function along the x- and
y- directions is defined as the fundamental wavelet, as in Equa-
tion (2).

g =fute) @)
The expansion wavelet is shown in Equation (3).

Jﬂ%yh={éggk-

In Equation (3),

xy
af(xy)=1(52). (4)

The arbitrary two-dimensional image function g(x, y) has
two components of the convolutional continuous wavelet
transform, the horizontal component along the x-direction
and the vertical component along the y-direction as shown
in Equation (5).

{Hm@%w=ﬂ%ﬂmﬁ@4%

(5)
Hyg(a,%,y) = f(%.¥)p, - 9(%. 7)-
H, and H, are the gradients of the image grayscale along
the x- and y-directions, respectively.

B=(a+p)-3,icD. (6)

Then,

H, L% V),
{ IEEI. o8y, 7)

H,g(B, x, y).

Equation (7) is called the second-order wavelet transform
of the g(x, y), and the modulus of the gradient vector at scale k
is shown in Equation (8). The direction of the gradient vector
is the direction of the local maximum of the gradient modulus,
so the edge points of the image can be obtained along the
direction of the gradient vector of the detected local maximum
of the wavelet transform modulus [20].

H bl bl
G,-Hg(B % y) = G-tan T19(P- %)

H,g(B.x.y)’ ®)

The wavelet transform is different from the Fourier trans-
form in that the basic function of the Fourier transform is



unique, while the basic function of the wavelet transform is
not unique. Different wavelet bases have different time-
frequency characteristics, and using different wavelet basis
functions to analyze the same problem will produce different
results. Therefore, finding a wavelet basis suitable for analyz-
ing the surface contour of the ceramic grinding process is
directly related to the accuracy of damage extraction. The rich-
ness of wavelet bases makes the selection of wavelets ambigu-
ous and difficult. Previous researchers have used the trial
selection method, which is very blind and time-consuming,
and the results are not always reliable. In this paper, the wave-
let mathematical properties are combined with the character-
istics of ceramic surface contour signals to find the best
wavelet basis.

Scale functions and wavelet functions with symmetry or
antisymmetric are very important for wavelet analysis
because they can construct tightly supported regular wavelet
bases, so that linear phase or zero drift results can be
obtained during signal processing, which will result in
smaller aberrations in the reconstructed signal and obtain a
highly accurate reconstructed signal [21]. In the signal for
wavelet transform, the ideal situation is the wavelet in the
time domain and frequency domain have tight support or
sharp decay and need to tight support width narrow or
decay fast; this is due to the narrower support width wavelet
function of the local characteristics of the better. Regularity
is a description of the degree of smoothness of the function,
but also a measure of the concentration of energy in the fre-
quency domain of the function. Regularity is expressed as
the differentiability of the wavelet basis function; continuous
differentiable wavelet basis function is necessary for the
accurate identification of singularities in the signal in the
wavelet transform. The physical meaning of vanishing
moment is the rate of convergence when approximating a
signal using wavelet function. Theoretically, the larger the
order of the vanishing moment, the stronger the ability of
the wavelet transform to reflect the high-frequency details
of the signal, but in practice, too high a vanishing moment
will smooth out the singularities in the signal. The flow of
the wavelet analysis algorithm is shown in Figure 1.

In curve fitting, the spline function is a function that not
only makes the fitted curve itself smooth but also makes the
derivative smooth. Therefore, the spline function is a low-
pass function, not a band-pass function, cannot be used
directly as wavelets. But the spline function can be derived
from a set of wavelet functions with bandpass properties.
In the experiment, it is proved that the third B spline wavelet
has asymptotically optimal edge detection performance, B
spline (m > 3) approximates Gauss function, and the first-
order derivative of B spline (m > 3) is chosen as the wavelet
function. The N order B spline wavelet is the first-order dif-
ferentiation of the B spline at the 2-k scale, and the function
expression is Equation (9).

N (w) =k-w-sin™*? (g) . (9)

The vanishing moment is closely related to the tight sup-
port and smoothness of the wavelet basis function, and an
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increase in the vanishing moment will lead to a larger corre-
sponding support width. When we deny the contour data,
we require the wavelet function to have a certain vanishing
moment. The properties of different wavelet basis functions
are shown in Table 1. Of course we hope that the scale func-
tion and wavelet are tightly supported (it implies that the fil-
ter is also tightly supported); otherwise, it needs to be
truncated in the calculation. The duality of the orthogonal
tightly supported wavelet is itself, and of course it is also
tightly supported, but there is a theorem, and for compactly
supported nonorthogonal wavelets, its duality must be infi-
nitely supported. You may be surprised that the biorthogo-
nal wavelets we usually use are not all tightly supported. In
fact, these tightly supported biorthogonal wavelets are
improved yes; there is a theorem for wavelet basis functions.
Any biorthogonal filter can be generated by continuously
lifting and dual lifting the inert filter.

The hard threshold denoising is to make the absolute value
of wavelet coefficients equal to zero when it is less than a cer-
tain threshold value and to keep the original value when it is
greater than a certain threshold value, as in Equation (10).

w- B {w}=p,

F(w,p) = %;{w}sﬂ.

(10)

Soft threshold denoising means that when the absolute
value of wavelet coefficients is less than a certain threshold,
make it equal to zero; when it is greater than a certain thresh-
old, make its value all subtracted from the threshold, as in
Equation (11).

sinw- |w - B, {w} > B,
F(w, f) = (11)
(. F) {cosw-|w—[3|,{w}sﬁ.

The hard thresholding function is better than the soft
thresholding function in terms of mean square error, but when
processing the signal, oscillations tend to occur at the thresh-
old and generate jump points, making the reconstruction data
lack smoothness at the threshold. The wavelet coefficients
obtained by the soft thresholding method have better continu-
ity and do not oscillate near the threshold, but after processing,
the signal is compressed, which causes deviations between the
reconstructed data and the real data and affects the approxi-
mation of both.

Using the threshold rule means that if white noise satis-
fying the standard normal distribution is added to the signal,
the noise has a high probability of being lower than N, so it
is usually used as the threshold, as in Equation (12), where 3
is the standard deviation of the noise and N is the length of
the signal. It can be seen that the magnitude of the threshold
value is positively correlated with the length of the signal.

lim ZZlF(wi)

p=tmmt (12)
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FIGURE 1: Wavelet analysis algorithm flow.
TaBLE 1: Wavelet basis function characteristics.
Characteristic Orthogonality Tight support Support width Vanishing moment order Symmetry
HAAR Orthogonal No 1 N Symmetry
SYMN Nonorthogonal Have 2N +1 1 Approximately symmetric
DBN Orthogonal No 2N-1 2N Approximately symmetric
COIFN Nonorthogonal Have 2N +1 2N Slightly symmetrical

The default kernel function parameter of SVDD is the

Gaussian radial basis kernel function, as shown in Equation
(13).

_ -IX®Y |IMP X @Y | IM?
GX,Y;)=¢ .

(13)

The parameters involved in the SVDD algorithm include
a parameter f in addition to the kernel function parameter S.
The details are shown in Equation (14), where N represents
the number of training samples and C is the parameter that
can control the number of hyperspheres and support vec-
tors. It affects the Varangian multipliers, and if f increases,
then the sum of Varangian multipliers decreases, which
affects the number of nonzero Varangian multipliers and
finally the number of support vectors.

1
F=— = . (14)
NlﬂloozlﬂG(Ni’ G)

To verify the effectiveness of the wavelet threshold
denoising method, signal-to-noise ratio (SNR) and mean
square error (MSE) are usually used to evaluate the denois-
ing effect. The SNR is the ratio of the output signal to the
noise, and the larger the ratio is, the smaller the proportion
of noise is, and the better the denoising effect is. Meanwhile,
the smaller the mean square error, the better the denoising
effect.

Expression for the signal-to-noise ratio

M
SNR= lim In Z

—00 £
i=1

F(y,)?
- Fmyy )

Expression for the mean square error

MSE Mli—n}ooz?;Il(F (%) = F(x;3,))?
= M >

(16)

where t is the data sequence, F(x;) is the value of the the-
oretical denoising function, and F(x;, y;) is the demised sig-
nal. Fractal refers to a kind of chaos, but its parts and whole
have similar patterns. In other words, fractal objects have the
law of scale invariance. For the fractal dimension, it is
impossible to describe it with accurate definition. If the set
F is called a fractal, then the premise that it is a fractal
dimension is to have the following properties. It is a fractal
with fine structure, that is, the details are of arbitrarily small
proportions. With irregularity, it is impossible to describe
the part and the whole of fractal in traditional geometric lan-
guage. It generally has some kind of self-similar representa-
tion, which may be statistical or approximate. In general, the
topological dimension of F must be smaller than its fractal
dimension. In many situations where people are interested,
using a simple method to define F is very likely iteratively
produced.

3.2. Ceramic Surface Image Texture Feature Analysis System
Design. The ceramic surface measurement and processing
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FIGURE 2: Schematic diagram of the general structure and the system framework of the surface measurement system.

system consist of a software part and a hardware part, where
the hardware part is a Talysurf-i120 profiler, and the soft-
ware part is an algorithm based on wavelet and fractal theo-
ries, which is integrated with a visual interface with the help
of Matlab GUI module, thus realizing the evaluation of the
machined surface topography, reducing the complexity of
the evaluation, and improving the evaluation efficiency. This
reduces the complexity and improves the efficiency of evalu-
ation. The entire measurement and evaluation process can
be summarized as follows: (i) prepare ceramic samples; (ii)
measure the surface of these samples with a Talysurf-i120
profiler and export the raw profile data using Talymap Gold,
a postprocessing software that comes with Talysurf; (iii)
import the exported data into the computer for data analysis
and processing, and derive the evaluation parameters; (iv)
evaluate the surface profile based on the derived evaluation
parameters. The derived evaluation parameters can be used
to predict the performance of the ceramic grinding surface
on the one hand and to guide the machining process on
the other hand so that the machining process can be opti-
mized. Figure 2(a) shows the overall structure, and the sys-
tem framework of the surface measurement system shown
in Figure 2(b) can be obtained by refining the overall struc-
ture diagram.

Considering the simplicity of the operation interface and
the convenience of operation, a combination of multilevel
menu and pop-up window is used. The multilevel menu but-
ton consists of three buttons for filtering mode and feature
analysis. Clicking on the filtering mode will bring up a
drop-down menu for selecting Gaussian filter and wavelet
filter; clicking on the feature analysis will bring up a drop-
down menu for selecting fractal analysis and spectrum anal-
ysis; clicking on the feature analysis will bring up the profile
support curve. By clicking Load Raw Data, a menu of
options for loading raw data will pop up, and you can select
the data collected by the profiler. Clicking the Graph Display
button will display the graph of the loaded data in the area.
This system generally defaults to Gaussian filtering. The

sampled data may be distorted at the origin, so the selection
of the starting point is realized.

To achieve automated image texture detection on
ceramic surfaces and to extend the detection to other image
textures in the future, a software system based on wavelet
analysis for image detection of ceramic surface image tex-
tures is developed in this paper. The image processing and
detection algorithms are developed using C++ language
and Visual Studio development environment, and the soft-
ware interface is built by Qt. The software system is devel-
oped based on the modular idea, and the algorithm
module and the interface dialog box and other interactive
modules are independent. The image texture analysis project
can be built by pulling and dragging, combining the corre-
sponding image processing operators and auxiliary image
acquisition and communication modules.

4. Analysis of Results

4.1. Wavelet Analysis Algorithm Processing Analysis. Four
feature combinations, including feature combination 2, fea-
ture combination 5, feature combination 11, and feature
combination 12, were used to conduct experiments on the
wavelet analysis-based crack detection method and the
LDGV-based detection method, respectively, and the algo-
rithm runtimes are shown in Figure 3. The experimental
results are analyzed. First, in the end-face detection of the
magnetic ring, it can be concluded that the LDGV method
has a higher recognition rate than the wavelet method. The
difference between the two is mainly in the subdivision
index of TP, and the LDGV method has a lower leakage
detection rate, indicating that the LDGV method performs
better than the wavelet method in detecting different cracks.
The higher leak detection rate of the wavelet method indi-
cates that the adaptability to changing cracks with a fixed
wavelet function is poor, and the wavelet function can be
selected adaptively according to the specific image to
improve the recognition rate of the wavelet method. Second,
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the effect of grayscale features on the wavelet method and
LDGV method is different. For the wavelet method, the
grayscale features have no significant effect on the recogni-
tion rate, while for the LDGV method, the added grayscale
features greatly reduce the recognition rate, indicating that
the grayscale features tend to confuse the crack features
and interference features extracted by LDGV, indicating that
the grayscale features are not suitable for the LDGV method.

To facilitate detection and recover the original shape of the
crack, the inner wall of the image is expanded into a rectangle
and the region of interest is extracted, and the overall algo-
rithm is the same as the process of end-face detection. The
grayscale histogram of the inner wall image shows three obvi-
ous peaks, so the Otsu method is no longer applicable, and this
paper uses the double-threshold segmentation method to
obtain Io, with a high threshold of 184 and a low threshold
of 42 according to the histogram. 18 of the 26 inner wall
images are cracked and 8 are crack-free. Using feature combi-
nation 2, a comparison experiment was conducted between
the wavelet transform-based internal wall crack detection
method and the LDGV-based internal wall crack detection
method. The detection runtime is shown in Figure 4.

After comparing the denoising effect of soft and hard
thresholding for Db2, Sym2, and Coif2, it is found that the
denoising effect of hard thresholding is better than soft
thresholding overall. Therefore, it can be concluded that
the denoising effect of using hard thresholding is better for
anomalous contour data. Therefore, the hard threshold
denoising effect of three wavelet basis functions is compared
and analyzed to find out the suitable wavelet basis function,
and the simulation results are shown in Figure 5. The signal-
to-noise ratio of the Db2 wavelet basis function after denois-
ing is large, which indicates that the denoising effect of the
Db2 wavelet basis function is good when denoising the con-
tour data.

4.2. Real-World Analysis of Ceramic Surface Image Texture.
For different materials with equal roughness values, it was
found that the damage rate curves also reflect the degree of
damage on the ceramic surface well by comparing the results
of the damage rate curve analysis with the three-dimensional
surface. The following is an example of alumina, zirconia,
and silicon nitride with roughness Ra = 0.6 ym to verify the
validity of the damage rate analysis. The results of the dam-
age rate analysis for the three materials are shown in
Figure 6(a), and the average damage spacing is shown in
Figure 6(b). It can be seen from Figures 6(a) and 6(b) that
the damage of sample 1 is less than that of sample 2, and
the degree of damage of the three materials is as follows: alu-
mina>zirconia>silicon nitride. The roughness is 0.2 ym,
0.6 ym, and 1.2 ym damage rate curve, and it can be clearly
seen that the greater the roughness, the greater the damage
rate. The reason is that the damage degree is not only related
to the material itself, but also depends on the size of the
abrasive grains of the grinding wheel. The larger the abrasive
grains, the greater the damage. Although the three-
dimensional measurement is time-consuming, its accuracy
is still relatively high. To verify the accuracy of the above
judgment, the three-dimensional shape of the above three
materials was measured with a profilometer, and the most
damage was found in alumina ceramics, followed by zirconia
ceramics, while silicon nitride ceramics had the least dam-
age, which is consistent with the results reflected in the dam-
age rate. Therefore, the damage rate and the average spacing
of damage can reflect the morphological damage well and is
a fast and reliable evaluation method.

Traditionally, the most commonly used characterization
parameter is the arithmetic mean deviation Ra of the profile,
and the Ra value is obtained by averaging three measure-
ments perpendicular to the grinding texture at different loca-
tions of the same part. In the experimental part of this paper,
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measurements were taken both perpendiculars to the texture
at different locations and along the texture at different loca-
tions. The data measured along the texture were used to ana-
lyze the degree of surface damage, and the analysis of
perpendicular measurements was used for fractal analysis.
Through a large number of measurement, data statistics
found that the same surface of ceramic materials measured
several times the Ra value changes greatly, while the fractal
dimension value is unchanged; in addition, whether it is a
metal surface or ceramic surface fractal dimension is more
stable than the Ra value. The reason is that the ceramic sur-
face is prone to chipping, cracks, and pits, which cause the
contour to be unstable, while this is seldom the case for

metals. The fractal dimension characterizes the complexity
of the surface contour, and the Ra value characterizes the
arithmetic mean of the absolute value of the contour offset,
so the fractal dimension value is constant and the Ra value
varies widely. Since the amount of data is too large to show
them all, Figure 7 shows the calculated results of fractal
dimension and Ra value for two groups of randomly taken
samples with different roughness. It can be well seen that
the surface texture with a fractal dimension of 1.51 is finer
and denser than the surface texture with a fractal dimension
of 1.45. This also shows that the fractal method can charac-
terize the grinding surface morphology of advanced
ceramics from an overall perspective.
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The textures of ceramics are often interspersed with
chipping, cracking, and craters, so they are very different
from those of metals. By observing a large number of mea-
sured surfaces, it is found that the surface texture is fine
and dense for the high fractal dimension and coarse and
sparse for the low fractal dimension. When the scratch area
is certain, the longer the perimeter, the more slender the
scratch is, the smaller the roundness, and the larger the
value of the slender length. When the rectangularity of
the scratch is larger, it means that the scratch is straighter.
The process of complex products is cumbersome, the pro-
cess is complicated, the monitoring data is large, and the
correlation is strong. At the same time, some complex
products such as spacecraft, aircraft parts, precision mea-
suring instruments, and other production standards are
more stringent, and the allowable error range is smaller.
Therefore, the denoising process before modeling becomes
extremely important.

5. Conclusion

At present, the characterization of ceramic grinding process-
ing surface follows the traditional roughness index. Since
ceramics are hard and brittle materials, the machined sur-
faces are prone to residual defects such as cracks, pits, and
crushing, so even if the roughness values are the same for
metal and ceramic surfaces, the differences between them
are great. Therefore, this paper explores new characteriza-
tion methods for ceramic materials to complement the tradi-
tional characterization methods. This paper is focused on
the characterization of ceramic surface damage and its sur-
face function. The main research contents include extraction
of damage features appearing in the surface contour by
wavelet analysis and quantitative evaluation of the damage,
selection of a suitable method to calculate the fractal dimen-
sion of ceramic surface based on the ceramic surface con-
tour, validation by using the measured 3D model and
fitting, study of sealing and wear based on fractal theory,
and study of the fractal dimension by spectral analysis. The
fractal theory was used to study the seal and wear; the spec-
tral analysis was used to study the periodic components and
their frequency components in the surface profile; the sup-
port length rate was used to study the support of the surface
profile; finally, the ceramic grinding surface feature measure-
ment and analysis system was improved. The wavelet analy-
sis theory was applied to extract the deep valley features in
the surface contour accurately. The damage rate and the
average spacing of damage were used to evaluate the damage
degree quantitatively. The three-dimensional surface profile
was measured by a profilometer, and the measurement
results were consistent with the predicted damage rate curve
and average damage spacing, so the method can be used to
quickly determine the damage and produce accurate analysis
results. This paper is based on the contour data collected by
the profilometer, which is mainly for the two-dimensional
characterization. To characterize the surface more
completely, the three-dimensional characterization parame-
ters need to be further studied.
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