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Abstract: Abrasive belt grinding is the key technology in high-end precision manufacturing field, but
the working condition of abrasive particles on the surface of the belt will directly affect the quality
and efficiency during processing. Aiming at the problem of the inability to monitor the wearing status
of abrasive belt in real-time during the grinding process, and the challenge of time-consuming control
while shutdown for detection, this paper proposes a method for predicating the wear of abrasive belt
while the grinding process based on back-propagation (BP) neural network. First, experiments are
carried out based on ultra-depth-of-field detection technology, and different parameter combinations
are used to measure the degree of abrasive belt wear. Then the effects of different grinding speeds,
different contact pressures, and different work piece materials on the abrasive belt wear rate are
obtained. It can be concluded that the abrasive belt wear rate gradually increases as the grinding
speed of the abrasive belt increases. With the increase of steel grade, the hardness of the steel
structure increases, which intensifies the abrasive belt wear. As the contact pressure increases, the
pressure on a single abrasive particle increases, which ultimately leads to increased wear. With
the increase of contact pressure, the increase of the wear rate of materials with higher hardness
is greater. By utilizing the artificial intelligence BP neural network method, 18 sets of experiment
data are used for training BP neural network while 9 sets of data are used for verification, and the
nonlinear mapping relationship between various process parameter combinations such as grinding
speed, contact pressure, workpiece material, and wear rate is established to predict the wear degree
of abrasive belt. Finally, the results of verification by examples show that the method proposed
in this paper can fulfill the purpose of quickly and accurately predicting the degree of abrasive
belt wear, which can be used for guiding the manufacturing processing, and greatly improving the
processing efficiency.
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1. Introduction

Since the 1960s, the technology of abrasive belt grinding has been greatly developed. It
has already been considered as another classic processing method after traditional turning,
wheel grinding, and milling. Its production efficiency is 5–20 times higher than that
of wheel grinding [1], whether it is surface grinding, internal and external cylindrical
grinding, or complex surface grinding, can make the entire process more efficient and
rapid [2,3]. However, the single-layer abrasive grain structure of the abrasive belt will
bring about short life problems. The life of the abrasive belt is related to its performance
and effective grinding area. In order to extend the service life of the abrasive belt, on the
one hand, it is necessary to select an abrasive belt with stable grinding performance and
high durability under the premise of meeting the grinding requirements, and optimize the
grinding process to increase the wear. On the other hand, it is necessary to design a special
abrasive belt grinding mechanism to increase the effective grinding area of the abrasive
belt. However, the former is limited by abrasive belt manufacturing technology, while the
latter is restricted by the space of polishing equipment, and both have certain limitations.
Therefore, it is necessary to accurately determine the degree of abrasive belt wear on the
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basis of the above requirements, avoid premature replacement when the abrasive belt still
has the grinding ability, and at the same time prevent the continued service of the abrasive
belt that is reaching its life limitation [4].

2. State of the Art

Abrasive belt will inevitably wear in the process of grinding materials, and the wear
of abrasive belt is the result of multiple factors, such as grinding pressure, abrasive belt
speed, workpiece materials, etc., the wear forms of abrasive belt will also be different
in grinding different materials or under different grinding conditions. Namba et al. [5]
obtained the current grinding coefficient through the online tangential force method, and
then adjusted the process parameters to ensure that the grinding depth remains unchanged.
LeMaster et al. [6] used acoustic emission signal to monitor the wear state of the abrasive
belt. It was found that when the workpiece surface is smooth, the acoustic emission
signal can monitor the abrasive belt grinding process, and the abrasive belt wear degree,
abrasive particle size, and processing parameters will affect the acoustic emission signal.
Chen et al. [7] studied the grinding sound signal of abrasive belt by using FFT and wavelet
decomposition method, and found that the grinding sound signal has a strong correlation
with the wear state of abrasive belt. Under the constant pressure grinding condition,
the grinding sound signal energy decreases gradually with the wear of abrasive belt.
Ferguson et al. [8] evaluated the wear rate of composites by changing the abrasive particle
size, grinding pressure, sliding speed, and sliding distance. Malinov et al. [9] found that
with the increase of grinding pressure, the wear resistance of Fe-B alloy decreased, and
the wear mechanism changed from micro cutting to the mixed mode of micro cutting and
micro tillage. Carrano et al. [10] divided the life cycle of the abrasive belt into four stages:
crushing period, stable period, abrasion period, and terminal period, at the same time,
they determined the duration of these four wear stages. After identifying the wear state
of the abrasive belt, its remaining service life is the sum combining the time duration of
the remaining wears stage. This method can only roughly estimate the remaining life
of the abrasive belt. Shu et al. [11] used four parameters as variables: the difference in
thickness of the skin, the amplitude of the grinding wheel, the temperature of the knife
roller, and the output power of the knife roller motor, which are closely related to the
grinding wheel wear status of the sharpening system of the smoother. These variables
equip with a characteristics of good availability and strong operation, then by using
the gray GM (1, N) model, they predicted the wear status of the grinding wheel in the
grinding system of the leveler. Zhi [12] implied CBN materials to grind superalloys, and
observed the microscopic morphology with SEM, revealing the mechanism of surface
quality changing with time. Wang et al. [13] explored the wear mechanism and degree
of change of the abrasive belt while using them to grind metallic nickel. At the same
time, this experiment also generated five ways to improve the service life of the abrasive
belt (reduce the initial wear amount, use grinding aids or cooling lubricants, gradually
increase the contact pressure, increase the length of the abrasive belt, and select high-
quality Abrasives). Xiao et al. [14] took the diamond flexible grinding wheel as the research
object, and explored the influence of the grinding wheel rotation speed, contact pressure,
abrasive concentration, and abrasive particle size on the wear of the grinding wheel.
Based on the CMOS system, McGibbon et al. [15] conducted data acquisition and data
analysis on the grinding contact area and optimized the abrasive belt wear model. Some
other studies focused on the abrasive belt wear process which can be used to predict
the remaining life of the abrasive belt. Maxence et al. [16] established the micro wear
model of sand belt. Mezghani [17] outlined a method by which belt condition can be
illustrated graphically on plots of grit size against abrasion energy or applied pressure in
connection with the produced surface state (i.e., roughness) for a given wear rate. Peter [18]
researched the development of grinding models for titanium metal-matrix composites by
investigating possible relationships between their indentation hardness, low-stress belt
abrasion, high-stress belt abrasion, and the surface grinding characteristics. Cui et al. [19]
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built a grinding force test experimental platform based on LabVIEW and calibrated the
sensor. Boehm et al. [20] studied the method of using light scattering to monitor the surface
roughness, morphology, and vibration trace of workpiece after abrasive belt processing,
and found that the vibration wavelength is affected by process parameters such as abrasive
belt speed through frequency domain analysis. Zawada et al. [21] studied the method
of monitoring the grinding surface of workpiece by using image sensor to monitor the
microstructure of abrasive belt, and the grinding time can be estimated according to
the workpiece surface image. Through these studies, the change curve of certain wear
characteristics with grinding time can be obtained, then according to the identified current
abrasive belt wear degree determines the current wear time of the abrasive belt, thus a
result can be reached that the difference between the current wear time and the life of the
abrasive belt is the remaining life of a belt. However, due to the microscopic complexity and
difficulty for observing the abrasive belt wear, various prediction models and derivation
models have certain errors and uncertainties. Furthermore, on account of the limitations of
the processing environment, it is difficult to achieve real-time detection and the equipment
can only be suspended during the manual inspection, which is a waste for both time, cost,
and labor costs.

Considering that there is no literature to solve the above problems up to now, this
paper proposes a method for predicting abrasive belt wear based on back-propagation
(BP) neural network. First, the experiment will be based on ultra-depth-of-field detection
technology, different parameter combinations are used to measure the degree of abrasive
belt wear, and the effects of different grinding speeds, different contact pressures, and
different work piece materials on the abrasive belt wear rate are obtained. Then by utilizing
the artificial intelligence BP neural network method, the degree of abrasive belt wears is
predicted. Finally, the surface quality inspection technology is employed to evaluate the
surface quality of work pieces processed by abrasive belts with different degrees of wear.

3. Wear Prediction Based on BP Neural Network
3.1. BP Neuron Structure

The BP neural network algorithm is based on the method of biological neuron infor-
mation exchange, simplification, and simulation. The basis of the entire algorithm network
is the information processing unit-neuron [22], as shown in Figure 1.

Figure 1. Neuron schematic.

The neuron is a multi-input single-output non-linear processing unit, which weights
the signal transmitted by the upper level, and performs summation under the action of the
excitation function [22]:

netj =
n

∑
i=1

WiXi −W0 = X·W (1)

Yi = f
(
netj

)
= f (X·W) (2)
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X = [X0, X1, . . . , Xn] (3)

W = [W0, W1, . . . , Wn]
−1 (4)

where Xi is the input signal, f (netj) is the excitation function, i = 1, 2, 3, . . . , n, and Wi is the
connection weight. When i = 0, the weight of X0 is W0 = −1.

3.2. Setting of BP Neuron Topology Parameter

The topology of the neural network is shown in Figure 2, which is divided into output
layer, hidden layer, and input layer. The non-linear mapping method between the three
layers is used to approximate the result value with the set accuracy. For the set root mean
square error value, the back propagation algorithm is adopted, therefore the samples
are required for training, followed by input forward transmission, forming a complete
closed-loop feedback system, and constantly improving the accuracy of the weight of each
neuron to meet the accuracy requirements [23].
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(1) Determine the number of nodes in the input and output layer
Since there are three input parameters, contact pressure, grinding speed, and material

(characterized by elastic modulus), the number of nodes in the input layer n = 3, the wear
rate of abrasive belt is the output parameter, so the number of nodes in the output layer is
m = 1.

(2) Determine the number of nodes in the hidden layer
The number of hidden layers is related to the processing capacity of the network,

which means more complex grid training and extended solution time. When there are
too many hidden layer neurons, the network can learn well and achieve the expected
network accuracy, but the generalization ability of the network will become worse due to
the over fitting of the network to the weights. When the number of neurons is too small, the
network performance cannot be brought into full play and it is difficult to complete sample
learning [24]. The number of hidden layer neurons in the network is directly related to the
complexity of the actual problem, the number of neurons in the input and output layers,
and the setting of expected errors. At present, there is still a lack of a general calculation
method, mainly referring to empirical formulas which are as follows [25]:

L =
√

n + m + a (5)

where n is the number of input layer nodes, m is the number of output layer nodes, and a is
a constant between one and ten.

(3) Excitation function
The commonly used excitation functions of BP neural network are ramp function and

Sigmoid function. Due to the limited output range of Sigmoid excitation function, it is
not easy to diverge during data transmission. Therefore, this article chooses the Sigmoid
excitation function [26].

f (x) =
1

1 + e−ax 0 < f (x) < 1 (6)
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f (x) =
ae−ax

(1 + e−ax)2 = a f (x)[1− f (x)] (7)

3.3. BP Process and Data Processing

(1) Disruption processing
The BP neural network algorithm programming flowchart is shown in Figure 3. In

order to reduce the influence of the input data sequence on the result, the input sample set
needs to be randomly disrupted by using the “randperm” command in MATLAB.
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(2) Normalization and anti-normalization processing
The BP neural network uses numerical calculations. Because of the difference in the

nature of the input data types of different types of data, there will be a very large gap in
the order of magnitude. In order to prevent this influence in the data training process, it is
necessary to normalize the input data, and the output result is also in the interval [0, 1],
then the output result needs to be anti-normalized as follows:

Xi =
2

Xmax − Xmin
(Xi − Xmin)− 1 (8)

Yi =
(yi + 1)(Ymax −Ymin)

2
+ Ymin (9)

where xi and yi are the normalized data, Xi and Yi are the data before normalization, Xmax
and Ymax are the input data respectively, the maximum value of the calculation result
data, Xmin, Ymin are the input data respectively, and the calculation result data is the
smallest value.

(3) Other parameter settings
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In order to verify the accuracy of the BP neural network prediction model, 60–80%
data sets are usually used as the training set [27]. Therefore, distribute 27 sets of data, use
18 sets of data for training, and 9 sets of data for verification, which is shown as follows.

P_train = NIR(temp(1:18),:)’; (10)

T_train = octane(temp(1:18),:)’; (11)

P_test = NIR(temp(19:end),:)’; (12)

T_test = octane(temp(19:end),:)’; (13)

The number of iterations and the learning rate are determined by engineering expe-
rience. The number of iterations are usually 500–1000. The larger the learning rate, the
greater the weight change and the faster the convergence. However, if the learning rate
is too large, it will cause system oscillation [28]. In this paper, the number of iterations is
set to 500 net, that is trainParam.epochs = 500, and the learning rate is set to 0.01, that is
net.trainParam.lr = 0.01.

4. Abrasive Belt Wear Measurement Test

The measurement of abrasive belt wear is the key step to quantify wear, and is also
the main indicator of the main assessment of the accuracy of neural network prediction.
Therefore, in the abrasive belt wear measurement experiment, high-end testing equipment,
as well as specific fixtures and testing methods are used to ensure the reliability and
accuracy of data.

4.1. Test Equipment and Testing Equipment

(1) Test equipment
The self-developed series-parallel hybrid belt grinding machine is shown in Figure 4,

and the constant force control display adopts the BSCC-H2 ZN4S integrator, as shown in
Figure 5.

(2) Testing equipment
The testing equipment uses a VHK-900 Keneyce ultra-depth-of-field microscope and

3D display plug-in to measure the amount of change in abrasive belt wear.
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4.2. Experimental Parameters

Total of 27 sets of experiments were carried out. The three factors are cutting speed,
contact pressure, and experimental material (using the elastic modulus of the experimental
material as a parameter index to highlight the recognizability of the material, and the ex-
perimental parameter table is represented by steel number # instead). The elastic modulus
of #20 is 206 GPa, the elastic modulus of #45 is 209 GPa, and the elastic modulus of #65 is
210 GPa. See Table 1 for details.

Table 1. Experimental parameters.

Trial Number Cutting Speed (m/s) Contact Force (N) Experimental Material

1 8 5 #20
2 5 5 #20
3 2 5 #20
4 2 10 #20
5 5 10 #20
6 8 10 #20
7 8 15 #20
8 5 15 #20
9 2 15 #20
10 8 5 #45
11 5 5 #45
12 2 5 #45
13 2 10 #45
14 5 10 #45
15 8 10 #45
16 8 15 #45
17 5 15 #45
18 2 15 #45
19 8 5 #65
20 5 5 #65
21 2 5 #65
22 2 10 #65
23 5 10 #65
24 8 10 #65
25 8 15 #65
26 5 15 #65
27 2 15 #65

4.3. Detection Error Control

(1) Pre-wear of abrasive belt
Due to the unevenness and randomness of the abrasive belt sand planting process,

it will inevitably lead to the unevenness and randomness of the initial height of the
abrasive grains. Therefore, a five-minutes process of pre-wearing is required, which
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helps to maintain the uniformity of the initial abrasive grain height and reduce random
experiment errors.

Figure 5 shows the initial contour morphology of the #80 mesh belt. The uneven
distribution of the abrasive grain height can be clearly seen, which further reflects the
necessity of initial pre-wear. Figure 6 shows the surface contour of the belt near the end of
the severe wear stage. According to the color of height spectrum, it can be seen that the
overall height of the abrasive grains is reduced, and the surface height is almost the same.
However, as the amount of wear increases, the contact area between the abrasive belt and
the workpiece increases during the grinding process, which will generate a lot of heat. On
the one hand, it will accelerate the abrasive belt wear, and on the other hand, it may burn
the surface of the workpiece. Therefore, it is very critical to accurately predict the degree of
abrasive belt wear.
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(2) Calibration of belt position interval
In order to reduce the influence of random errors, ensure the consistency and integrity

of the measurement, and improve the credibility of the data, it is required to calibrate three
intervals A, B, and C at equal intervals for the entire belt, as shown in Figures 7 and 8. For
each measurement of wear, three points are taken in this area. For example, points taken in
area A are recorded as NA1, NA2, and NA3, and the three sets of interval data with better
stability are taken as the actual measured value of wear ∆.

∆ =
1
3

C

∑
j=A

3

∑
i=1

Nji (14)
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(3) Abrasive belt fixture
For the sanding belt within the interval length, researchers should fix the space

position of the microscope lens and the position of the operating platform while framing.
Meantime, the belt should be fixed by the self-designed special 3D printing fixture, as
shown in Figure 9. The fixture is made of PLA material, which will avoid the damage of
the microscope table due to touch and friction. By choosing this material, the repeatability
of the measurement field will be maximized and the influence of random errors can be
reduced, which will ensure the consistency and integrity of the measurement, as well as
improve the data credibility.
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Figure 9. 3D printing fixture.

(4) Strategy of taking points under the mirror image
As shown in Figure 10, there will be huge fluctuations on the height curve at the sam-

pling front end. This is because the VHK-900 Keneyce is a manually adjusted microscrew.
It is difficult to achieve a uniform speed when the initial rotation speed is applied, so huge
fluctuations will occur. Data removal processing is required to remove invalid information.
When taking HorLine and VertLine, points should be taken at the peak and valley stages of
smooth changes to calculate the amount of change in wear and thus improve the accuracy
of wear measurement.
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4.4. Test Results

In the test, a total of 27 sets of tests were carried out for #20, #45, and #65 steels. Due
to the consistency of the test process, the test process was analyzed with #45 as an example.
The initial belt contour interval takes points NA1, NA2, and NA3. Figure 11 shows the
measurement process example of abrasive height at NA3, and all measured data of abrasive
heights for #45 steels are listed in Table 2.
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Figure 11. Abrasive height measurement example.

Figure 11a shows that #45 is under a contact load of 5 N, and the initial belt contour
interval takes points NA1, NA2, and NA3. The measured heights are 191.1 µm, 198.3 µm,
182.1 µm, and the average value is 190.5 µm.

Figure 11b shows that after grinding with parameters (No.10 in Table 1) for 15 min,
the measured heights of abrasive grains are 183.9 µm, 175.8 µm, and 181.2 µm, respectively,
with an average value of 180.3 µm.
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Figure 11c shows #45 under a 10 N contact load, the initial belt contour interval takes
points NA1, NA2, and NA3, and the measured heights are 154.1 µm, 164.9 µm, 162.2 µm,
and the average value is 160.4 µm.

Figure 11d shows that after grinding for 15 min with parameters (No.13 in Table 1),
the measured heights of abrasive grains are 135.2 µm, 146 µm, 151.4 µm, and the average
value is 144.2 µm.

Figure 11e shows #45 under the contact load of 15 N, the initial belt contour interval
takes the points NA1, NA2, and NA3. The measured heights are 84.6 µm, 81.1 µm, 97.3 µm,
and the average value is 91.0 µm. According to the cloud chart chromatogram, it can be
clearly seen that after a series of grinding processes in the early stage, the overall height of
the abrasive particles has dropped a lot.

Figure 11f shows that after grinding for 15 min with the parameters (No. 16 in Table 1),
the measured heights of abrasive grains are 78.4 µm, 67.6 µm, 70.3 µm, and the average
value is 72.1 µm.

Table 2. Measured data of abrasive heights for #45 steels (µm).

#45 under 5 N contact load #45 under 5 N contact load after grinding

191.1 198.3 182.1 183.9 175.8 181.2

#45 under 10 N contact load #45 under 10 N contact load after grinding

154.1 164.9 162.2 135.2 146.0 151.4

#45 under 15 N contact load #45 under 15 N contact load after grinding

94.6 81.1 97.3 78.4 67.6 70.3

The grinding record data of #45 steel material: the initial height is 190.5 µm. According
to the test sequence in Table 1, it is 180.3 µm, 174.6 µm, 170.1 µm, 160.4 µm, 144.2 µm,
122.6 µm, 91.0 µm, 72.1 µm, and 62.3 µm respectively, and then the amount of change in the
height of abrasive grains ∆h can be obtained. The final changes in the tip of the abrasive
particles in each group of experiments are shown in Table 3.

Table 3. Amount of change in the tip of the experimental abrasive grain (µm).

Number 1 2 3 4 5 6 7 8 9

∆h 10.0 5.7 4.2 7.6 10.2 14.1 24.7 17.1 8.9

Number 10 11 12 13 14 15 16 17 18

∆h 10.2 5.7 4.5 9.7 12.6 21.6 31.6 18.9 9.8

Number 19 20 21 22 23 24 25 26 27

∆h 10.8 7.0 5.2 10.1 16.5 22.3 42.5 28.4 19.0

4.5. Test Data Analysis

This group of experiments uses a single factor independent variable to study the
relationship between the abrasive belt wear rate and the grinding parameters (grinding
speed and contact pressure) and the workpiece material. The characteristic parameter is
the abrasive belt height wear rate. Due to the high randomness of sanding belt’s abrasive
height, in order to reduce the error as much as possible, 15 min is used as the unit time,
and the wear amount is counted every 15 min.

(1) The influence of grinding speed on wear rate
Figure 12 is a graph showing the change in the wear rate of different materials with

the grinding speed under a contact pressure of 5 N. It can be seen from the figure that
the abrasive belt wear rate gradually increases as the grinding speed v of the abrasive
belt changes from 2 m/s to 8 m/s. The reason is that increasing the grinding speed of
the abrasive belt within the same time will increase the number of abrasive particles
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contacting the workpiece. As the speed continues to increase, the increase in the wear rate
increases accordingly. Meanwhile, different materials also have a certain impact on the
wear rate. With the increase of steel grade, the hardness of the steel structure increases,
which intensifies the abrasive belt wear. With the increase of grinding speed, the increase
of the wear rate of hard materials is relatively stable. Therefore, the difference in materials
has less superimposed effect on the change of grinding speed.
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Figure 12. Effect of grinding speed on rate of wear.

(2) Influence of contact pressure on wear rate
Figure 13 shows the change curve of wear rate with contact pressure for different

materials at a grinding speed of 8 m/s. According to the figure, it can be seen that when
the contact pressure of the abrasive belt is 5–15 N, the high wear rate of the abrasive belt
has a huge increase with the increase of the pressure. The contact pressure increases by
10 N, and the wear amount increases by nearly 70%. As the contact pressure increases, the
pressure on a single abrasive particle increases, the cutting depth also increases, and the
temperature in the contact area increases faster, which ultimately leads to increased wear.
At the same time, it can be seen that with the increase of contact pressure, the increase of
the wear rate of materials with higher hardness is greater, so the difference of materials has
a greater superimposition effect on the change of contact pressure.
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5. BP Neural Network Experimental Analysis
5.1. Data Analysis

The employment of the neural network algorithm module in MATLAB is based on
the experimental parameters and results obtained in Table 3. The contour plots of the
final changes in the tip of the abrasive particles are shown in Figure 14. The complexity of
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collected data can be seen in the Figure 15, which verifies the necessity to use BP neural
network to train the data sets. First, a certain number of data will be selected in order to
train the neural network. And then other groups of data should be used for verification
and testing to prove the BP neural network’s reliability and effectiveness.
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According to Equation (5), the number of L is between 3 and 12. To determine the
number of hidden layer neurons, the training accuracy are compared under different
numbers of hidden layer neurons, which is shown in Table 4. It can be seen that it has the
best training effect when L = 5. Therefore, the number of hidden layer neurons is chosen as
L = 5, therefore, the number of nodes in the hidden layer is set as 5, as shown in Figure 15.

Table 4. Training accuracy under different numbers of hidden layer neurons.

L Training Accuracy L Training Accuracy

3 0.21 8 0.23
4 0.24 9 0.20
5 0.11 10 0.20
6 0.14 11 0.21
7 0.16

5.2. Principles of Experimental Analysis

In the evaluation of result output, the correlation coefficient R2 is used to characterize
the accuracy of the prediction. The calculation method of R2 is as shown in Equation (15).
When the result of R2 is closer to 1, it means that the prediction effect is better, the prediction
accuracy is higher, and closer to the actual value [29].

R2 =

(
n
∑

i=1
(xi − x)(yi − y)

)2

n
∑

i=1
(xi − x)2 n

∑
i=1

(yi − y)2
(15)
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where xi and yi represent predicted data and measured data, and x, y represent the arith-
metic average of predicted data and measured data.

It can be seen from the two figures on the left side of Figure 16 that the training set
and test set of the model have a high degree of fit and a good linear relationship. From
the perspective of the complete set, it still has a good degree of fit. Therefore, it can be
concluded that the prediction accuracy using BP neural network is very high.
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5.3. Comparison of Experimental Results

Among the 27 sets of data in Table 3, 18 sets of data were randomly selected by the
program for algorithm training, and then the results of the remaining 9 sets of experiments
were used for verification and comparison. The comparison of the true value and the
predicted value of the 9 sets of verification results is shown in Figure 17 and Table 5.
R2 reaches 0.94768, which shows that the prediction accuracy of abrasive belt wear is
very high.
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Table 5. Comparison of predicted result and true value.

Number 1 2 3 4 5 6 7 8 9

Predicted result (µm) 12.1 23.9 28.5 8.2 34.5 6.3 17.7 27.7 5.9
True value (µm) 9.9 19.1 28.3 10.2 31.3 9.8 18.8 24.6 4.3

Error 0.22 0.25 0.01 0.20 0.10 0.36 0.06 0.13 0.37

At the same time, the BP neural network-based model used in this article has a fast
convergence speed. As shown in Figures 18 and 19, the convergence accuracy can be
achieved by using four iterations of calculation. This plays an important role in the use
of abrasive belts for grinding processing, the detailed calculation of the material removal
calculation of the workpiece, and the intelligent planning of the grinding residence time.
In addition, the frequency of real-time monitoring of the workpiece surface processing
depth and surface profile determination can be greatly reduced, and the efficiency of the
processing and inspection process can be improved.
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To verify the effectiveness of the proposed method, the wear rate model of abrasive
belt is established based on power exponential function [30–33], which is generally used in
the other research.

r(Fn, vb) = a(bFn)
c(dvb)

e (16)

where r is the wear rate, Fn is the contact pressure, vb is the grinding speed, a, b, c, d, e
are unknown parameters, which can be estimated by the maximum likelihood estima-
tion method.

According to the experiment data, the unknown parameters are calculated as a = 1.134,
b = 0.356, c = 1.132, d = 0.956, e = 0.987. The comparison of the true value and the predicted
value based on other method is shown in Figure 20. R2 reaches 0.323, which shows that the
prediction accuracy of abrasive belt wear is very high. It can be concluded that the proposed
prediction method of abrasive belt wear based on BP neural network is effectiveness and
has accurate prediction result.
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6. Conclusions

The wear of the abrasive belt has a great impact on the processing efficiency and
processing accuracy, so it is necessary to accurately judge the wear degree of the abrasive
belt. However, at present, due to the limitation of the processing environment, it is
difficult to achieve real-time detection, so the equipment can only be suspended for manual
detection, wasting time, cost, and labor cost. Therefore, this paper proposes a method
for predicting abrasive belt wear based on back-propagation (BP) neural network, which
greatly simplifies the detection process and reduce the cost. First, the experiment was based
on ultra-depth-of-field detection technology, different parameter combinations are used
to measure the degree of abrasive belt wear, and the effects of different grinding speeds,
different contact pressures and different work piece materials on the abrasive belt wear
rate are obtained. Then by utilizing the artificial intelligence BP neural network method,
the degree of abrasive belt wears was predicted. Finally, the surface quality inspection
technology was employed to evaluate the surface quality of work pieces processed by
abrasive belts with different degrees of wear.

Based on the proposed method, experiments in this paper are conducted with different
experimental parameter combinations. Total of 18 sets of data are selected for BP neural
network training and to establish the combination of various process parameters, such
as the non-linear mapping relationship between grinding speed, contact pressure, belt
type, etc., and wear rate, which are verified by 9 sets of data. By utilizing this artificial
intelligence method, the wear of the abrasive belt can be predicted more quickly and
accurately. Therefore, the manufacturing processing guided through this method greatly
improves the processing efficiency.
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In the future, further research will be carried out from the following two aspects:
On the one hand, in the sand belt wear measurement experiment, due to the non-

uniformity and randomness of sand belt planting process and the instability of measuring
equipment, there exist the errors in the experimental measurement data. In the future
research, effective methods will be studied to reduce the impact of experimental errors on
the prediction results.

On the other hand, when using artificial intelligence BP neural network for predictive
analysis, the fixed learning rate is used for training, and the idea of gradient descent is
used to find the best weight to reduce the network error. The learning rate of the network
determines the weight change in the learning process. If the learning rate is too high,
oscillation will occur; if the learning rate is too small, it will increase the training time,
reduce the convergence ability of the network, and the iterative effect is not ideal. In the
future, the remaining life prediction method of sand belt based on the improved BP neural
network or other deep learning algorithm can be studied to further improve the prediction
accuracy and stability.
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