
Optimization of lapping process parameters of CP-
Ti based on PSO with mutation and BPNN
Kaiqiang Ye  (  1239075922@qq.com )

Anhui Polytechnic University https://orcid.org/0000-0002-8351-4466
Jianbin Wang 

Anhui Polytechnic University https://orcid.org/0000-0002-2594-3326
Hong Gao 

Anhui Polytechnic University
Liu Yang 

Anhui Polytechnic University
Ping Xiao 

Anhui Polytechnic University

Research Article

Keywords: Particle swarm optimization(PSO), BP neural network(BPNN), Parameter optimization,
Commercial pure titanium(CP-Ti), Free abrasive lapping, K-fold cross validation

Posted Date: March 30th, 2021

DOI: https://doi.org/10.21203/rs.3.rs-364458/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Version of Record: A version of this preprint was published at The International Journal of Advanced
Manufacturing Technology on August 19th, 2021. See the published version at
https://doi.org/10.1007/s00170-021-07862-1.

https://doi.org/10.21203/rs.3.rs-364458/v1
mailto:1239075922@qq.com
https://orcid.org/0000-0002-8351-4466
https://orcid.org/0000-0002-2594-3326
https://doi.org/10.21203/rs.3.rs-364458/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s00170-021-07862-1


Optimization of lapping process parameters of CP-Ti based on PSO 
with mutation and BPNN 

 

Kaiqiang Ye 1 · Jianbin Wang 1 · Hong Gao 1 · Liu Yang 1 · Ping Xiao 1, 2                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                            

1   School of Mechanical Engineering, Anhui Polytechnic University, Wuhu 241000, People’s Republic of China 

2   School of Engineering, University of Bridgeport, Bridgeport 06604, the United States of America 

 Jianbin Wang 

wjb@ahpu.edu.cn 

 

Abstract This work aims to improve the surface quality of commercially pure titanium (CP-Ti) with free alumina lapping 
fluid and establish the relationship between the main process parameters of lapping and roughness. On this basis, the 
optimal process parameters were searched by performing particle swarm optimization with mutation. First, free alumina 
lapping fluid was used to perform an L9(33) orthogonal experiment on CP-Ti to acquire data samples to train the neural 
network. At the same time, a BP neural network was created to fit the nonlinear functional relation among the lapping 
pressure P, spindle speed n, slurry flow Q and roughness Ra. Then, the range of the node numbers in the hidden layer of 
the neural network was determined by empirical formulas and the Kolmogorov theorem. On this basis, particle swarm 
optimization with mutation was used to search for the optimal process parameter configurations for lapping CP-Ti. The 
optimal process parameter configurations were used in the neural network to calculate the prediction value. Finally, the 
accuracy of the prediction was verified experimentally. The optimum process parameter configurations found by particle 
swarm optimization were as follows: the lapping pressure was 5 kPa, spindle speed was 60 r·min-1 and slurry flow was 
50 ml·min-1. Then, the configurations were applied to a neural network to simulate prediction: the roughness was 0.1127 
μm. The roughness obtained by experiments was 0.1134 μm. The error was 0.62%, which indicates that the well-trained 
neural network can achieve a good prediction when experimental data are missing. Applying the particle swarm 
optimization (PSO) algorithm with mutation to a neural network will obtain the optimal process parameter configurations, 
which can effectively improve the surface quality of CP-Ti lapped with free abrasive. 

 

Keywords Particle swarm optimization(PSO); BP neural network(BPNN); Parameter optimization; Commercial pure titanium(CP-Ti); 
Free abrasive lapping; K-fold cross validation
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1 Introduction 

Due to its excellent mechanical properties, such as high specific strength and high wear resistance and corrosion 

resistance, CP-Ti is widely used in aerospace, national defence, chemical and marine fields [1-5]. However, as a typical 

difficult cutting material, industrially pure titanium cannot be machined well using traditional milling and turning 

techniques. Therefore, coupled mechanical-chemical lapping has become an important means to achieve the 

high-efficiency and high-precision machining of CP-Ti and has been deeply studied in recent years. However, how to 

obtain better surface quality has become a research hot-spot in recent years. Therefore, how to optimize lapping 

parameters to improve the surface quality of CP-Ti is an important problem. 

At present, the methods used to optimize lapping parameters mainly include the quantum-based optimization method 

[6] /empirical model [7] /optimization algorithm combined with a neural network. The quantum-based optimization 

method uses the wheel speed, work piece speed, depth of dressing and lead of dressing as control parameters. Minimal 

production costs, maximal production rates and minimal surface roughness are the optimization criteria being pursued [6]. 

However, the surface roughness is influenced by many factors in the lapping process; therefore, the quantum-based 

optimization method is not an effective solution to the problem; as such, it is difficult to quickly and accurately forecast 

the roughness using the quantum-based optimization method. The empirical model uses the wheel speed, abrasive 

concentration, current, and pulse on time as control parameters. However, this method simultaneously analyses only 

two influencing factors for the surface roughness , which means that this method can only analyse the influence of each 

pair of parameters on the surface roughness. Hence, we need a method that can simultaneously consider all the 

parameters. 

Furthermore, the neural network method could predict the surface roughness based on the limited values measured in 

the lapping experiment. For this reason, the neural network method has integrated advantages over the quantum-based 

optimization method/empirical model in terms of the experimental quantities and result reliability [8]. The highly parallel 

structure of the neural network enables it to complete the parallel implementation process, so it has better fault tolerance 

and faster overall processing speed than the quantum-based optimization method/empirical model. Neural networks have 

the theoretical ability of approximatingto approximate arbitrary nonlinear maps. It applies a new method to the nonlinear 

control problem. A well-trained neural network has the ability to generalize all data. Therefore, neural networks can 

solve the control process problem, which is difficult to address using mathematical models or descriptive rules. Therefore, 

the neural network method has been broadly utilized to predict the pulling force [9], surface roughness [10] and lapping 

capability of power plant ball mills [11]. 

  As a very simple neural network, BP neural networks are widely used in many fields. Huan Zhou et al [12] proposed a 

GA-BP model to predict the lapping forces produced during the creep-feed deep lapping of titanium matrix composites. 

Comparative results show that the GA-BP model has good prediction accuracy. Ma, Dongliang et al [13] used the BP 

neural network to predict the effect of changing certain parameters, such as heat flux, mass flux, pipe diameter and 

pressure, on the heat transfer coefficient of supercritical water. The results show that the trained BP neural network 

prediction model can be applied to achieve a better prediction and understanding of the heat transfer coefficient of 

supercritical water. Liu, Yongkuo et al [14]proposed the continuous and dynamic prediction of the time series of NPP 

operating parameters. Validation results indicated that the proposed model could be used to achieve a stable prediction 

effect with high prediction accuracy for the prediction of fluctuating data. 

However, the BP neural network can only solve prediction and classification problems and cannot handle parameter 

optimization problems. Therefore, it needs to be combined with the optimization algorithm. Jidong Wang et al [15] used 

the improved particle swarm optimization (PSO) algorithm to optimize the previous model. The simulation results of a 

practical example show that the proposed wind power range prediction model can effectively forecast the output power 

interval and provide power grid dispatchers with decisions. Qi, Jiangtao et al [16] optimized the influence of normal milk 

processing and mixing performance by response surface analysis and the BP GA neural network algorithm. The results 

revealed that the BP-GA neural network algorithm has better fitting performance than response surface analysis and 

confirmed the optimal working parameter combination that could provide a reference to improve double blade normal 

milk processing and mixing device design and milk processing quality. Wang, Wei et al [17] developed a method to 

predict the thermal performance of PTC systems based on a GA-BP neural network model. The results revealed that the 

GA-BP neural network model can be successfully used to predict the complex nonlinear relationship between the input 

variables and thermal performance of PTC systems. Zhang, Q [18] designed the PSO-GA-BP model to assess personal 

credit risk, which makes up for the shortcomings of traditional BP network parameter training and improves the 

efficiency and accuracy of prediction. Gao, Guanbin et al [19] proposed a novel hybrid algorithm that employs BPNN 

and PSO algorithms for the kinematic parameter identification of industrial robots with an enhanced convergence 

response. The results show that the proposed parameter-identification method based on the BPNN and PSO has fewer 

http://eng.anhui.superlib.net/views/specific/2929/FJourDetail.jsp?dxNumber=165446463021&d=E06DB3A9489C4A0AADE167F7F8021A8F&s=predict+neural+network&fenlei=0306;|0602;|0601


iterations and faster convergence speed than the standard PSO algorithm. For the above reasons, in the present work, a 

BP neural network combined with the PSO algorithm is proposed to optimize the lapping process parameters of CP-Ti. 

Furthermore, the prediction results are verified by experiments. The optimum lapping parameters are accordingly given. 

 

2 Neural network model 

2.1 Test details 

In this experiment, square commercially pure titanium samples with side lengths of 25 mm were selected as the 

processed parts. To ensure that the other parameters were the same before lapping, all samples were pretreated, i.e., #240 

sandpaper was used to grind the samples for 3 min. After pretreatment, the average surface roughness (Ra) of the 

samples was 0.644 μm. 

To reduce the number of tests and the cost as much as possible, the L9(33) orthogonal test was used to explore the 

influence of the main lapping process parameters on the surface roughness of the lapping samples. The process 

parameters used in the test include lapping pressure, spindle speed and lapping fluid flow. According to the empirical 

values of each process parameter, the corresponding L9(33) orthogonal test was developed, and the factor level is shown in 

Table 1. 

Tab. 1 Factor level 

Level 
Lapping 

pressure 

p/(kPa) 

Spindle 

speed n/ 
(r·min-1) 

Slurry 

flow Q/ 
(ml·min-1) 

1 2.4 40 40 

2 4.0 60 60 

3 5.6 80 80 

 

As shown in Fig. 1, the lapping pad is fixed on the lapping plate and rotates together with the lapping plate. The CP-Ti 

sample is sealed on the pressing plate with wax and fixed on the carrier together with the pressing plate. In the lapping 

process, the lapping liquid is added at a certain flow rate and reacts with the sample surface. Then, the reaction layer on 

the workpiece surface is removed by mechanical action so that the workpiece surface material can be quickly removed. 

Under the joint action and promotion of mechanical lapping and chemical lapping, the surface of the workpiece is 

machined flat. 

 

Fig. 1 Schematic diagram of the lapping principle



 

2.2  Data preprocessing 

After the samples were ground, they were cleaned by an ultrasonic cleaning machine for 15 min and blown dried with 

an electric hair dryer. Then, a 3D surface topography analyser (PS50) was used to randomly pick five points on the 

sample surface for testing, and the average value of the detected surface roughness was taken as the measured surface 

roughness. The test results are shown in Table 2. 

Tab. 2 Result of the orthogonal test 

Experi- 

ment 

number 

Lapping 

pressure 

p/kPa 

Spindle 

speed n/ 

(r·min-1) 

Slurry 

flow Q / 

(ml·min-1) 

Rough- 

Ness 

Ra/μm 

1 2.4 40 40 0.341 

2 2.4 80 60 0.209 

3 2.4 60 80 0.470 

4 4 60 40 0.177 

5 4 40 60 0.265 

6 4 80 80 0.316 

7 5.6 80 40 0.171 

8 5.6 60 60 0.116 

9 5.6 40 80 0.510 

 

To remove the effects of dimensional differences and avoid situations where small data are overwhelmed by big data, 

the input and output data need to be normalized. Formula (1) is used to normalize input data 

12
minmax

min 
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xnor

                                          
(1)

where xnor[-1,1] is the normalized input data; x is the input data to be normalized; xmin is the minimum value in this 

type of data; and xmax is the maximum value in this type of data. 

To extend the coverage of the output data, formula (1) is not used to directly normalize the output data. Instead, a 

broader value range is defined to normalize the output data, as shown in Formula (2) : 
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where ynor [-1,1] is the normalized output data; y is the normalized output data; '

miny is 0.08; and '

maxy is 0.6. 

2.3 Neural network architecture 

Because the data obtained from orthogonal experiments are limited, it is difficult to train a complex network model. 

Therefore, the most compact three-layer neural network is selected. Since the dimensions of the input and output data are 

3 and 1, respectively, the neuron nodes of the input and output layers are set to 3 and 1, respectively. The number of 

neuron nodes in the hidden layer can be derived from empirical formula (3) and Kolmogorov's theorem. 

avum 1                                               (3) 

where m1 is the range of the number of nodes in the hidden layer derived from empirical formula (3). Decimals are 
rounded up. a usually takes an integer from 1 to 10, so the range of m1 values is 3 to 12. 

According to Kolmogorov's theorem, any n-element continuous function can be represented by the sum of a cluster of 
continuous functions, and the number of functions is not more than 2n+1. Therefore, the value range of the number of 
neuron nodes in the hidden layer is also computed by empirical formula (4): 
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122  um                                           (4)
 where m2 is the empirical value of the number of nodes in the hidden layer calculated by Kolmogorov theorem, and its 

value ranges from 1 to 7. 

Combined with the value range of m1 and m2, it can be concluded that the number of neuron nodes in the hidden layer 
ranges from 3 to 7. The optimal number of neuron nodes in the hidden layer will be obtained by comparing the prediction 
accuracy before and after training. 

In addition, the final network architecture was completed after the activation function, loss function and optimization 
algorithm were selected. On the one hand, the hidden layer activation function is an S-type tangent function tansig, 
which can process the data non-linearly and enable the model to fit the nonlinear function, and the expression is 

1))2exp(1(2)(tansig  xx                                   (5) 

On the other hand, the hidden layer activation function is a pure linear function and expressed as 
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The loss function is the MSE function and is expressed as 

nyyloss
n

j

j
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(7)

 

where loss is the loss value calculated by MSE, j

predy is the predicted output given after the jth sample j

realy  is 

substituted into the neural network, j

realy  is the true value of the jth sample, and n is the total number of samples. The 
larger the loss is, the more the prediction result of the model deviates from the actual situation. The smaller the loss is, 
the closer the prediction result of the model is to the actual situation. 

The Levenberg-Marquardt algorithm is selected as the optimization algorithm and is suitable for small and 
medium-sized networks with fast convergence speed. 

In addition, we introduced k-fold cross validation to the training process to fully exploit each set of data in the absence 
of data samples. K-fold cross validation randomly divides the data into k groups  and then takes each subset as a 
validation set and the remaining k-1 groups as a training set, which will train the neural network in turn to ensure that 
each subset participates in training the neural network. 

In summary, the neural network architecture with dimensions of 3×5×1 is shown in Figure 1; the hidden layer 
activation function is the tansig function, and the output layer uses the pure linear function. 

 

Fig. 2 Architecture diagram of the neural network 

3 Variant particle swarm optimization algorithm 

PSO was first proposed by Kennedy and Eberbart by observing the predation behaviour of birds. The easiest and most 
efficient way for birds to find food is to search an area near which food has been found. The optimization algorithm aims 
to minimize the surface roughness of the work-piece. The lapping pressure, spindle speed and lapping fluid flow were 
taken as the design variables. Then, the predicted values were calculated through the BPNN. Finally, the PSO algorithm 
with mutation was used to search for the optimal process parameter combination. The final model is as follows: the 
design variable X= [p, n, Q]; the target value Y=Ramin; and the constraints are 2.4≤p≤5.6, 40≤n≤80, and 40≤Q≤80, where 
p, n and Q represent the lapping pressure, spindle speed and lapping fluid flow, respectively. 



The initial population setting will increase the computational burden and take extra time for optimization if the number 
of individuals is set to a higher value, and it may not be able to jump out of the local optimal value if the number of 
individuals is set to a low value. The value range of the lapping process parameters is shown in Table 4. The model will 
generate 20 individuals and assign values randomly within the constraints as the initial state of the population. 

Tab. 4 Range of lapping process parameters 

Process 

para- 

meters 

Lapping 

pressure 

p/kPa 

Spindle 

speed n/ 
(r·min-1) 

Slurry 

flow Q / 
(ml·min-1) 

Range 2.4-5.6 40-80 40-80 

 

The flow chart of extremum optimization based on the PSO algorithm is shown in Figure 3. At the start of the 
optimization process, all the particle position information is normalized and substituted into the neural network, which 
would conclude the fitness value of each particle. Then, the model will save the particle position and velocity information 
of the highest fitness value of the individual and the group (the lowest surface roughness), which would be used to update 
the particle position and speed information. By this method, the model continuously searches for new individual extrema 

 

Fig. 3 Flow chart of the optimization of the particle swarm optimization algorithm with mutation 

and population extrema and updates the position and velocity information of the remaining particles until the set number 
of iterations is reached. The position information of a small number of particles is randomized within a given value range 
to prevent the model from falling into a local optimum after the particle position information is updated. 

4 Results and Discussion 

4.1 Training and testing the neural network 

To more clearly compare the effects of each neural network, the indirect  neural network prediction accuracy 
parameter is adopted and expressed as follows: 
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)exp( lossAccuracy                                             (8) 

where loss is the loss value calculated by MSE, loss[0,+∞), and accuracy(0,1). The larger the accuracy is, the 
closer the predicted result is to the true value. 

After the number of nodes in the hidden layer is set from 3 to 7, the nine sets of data obtained through orthogonal 
experiments are preprocessed and substituted into the network models with different hidden layer nodes. The training set 
accuracy after training is shown in Tab. 3. It can be concluded from Tab. 3 that the actual prediction accuracy of the 
model is the best when the number of neural network nodes is 5. Therefore, the neural network with five nodes is finally 
selected as the prediction model, and the prediction result is compared with the real value, as shown in Figure 2. 

Tab. 3 Neural network prediction accuracy using different numbers of hidden layer nodes 

Nodes 3 4 5 6 7 

Acc 73.45% 68.98% 83.72% 81.54% 73.30% 

 

 

Fig. 2 Prediction comparison with the optimal number of nodes in the hidden layer 

4.2 Optimization process 

The optimization process of the optimization algorithm is shown in Fig. 4. After 50 iterations, the model obtains the 
optimal lapping process parameters. The minimum surface roughness value is Y=0.1127; the corresponding optimal 
lapping process parameter combination is X= [5.1333, 59.3234, 48.7533]. After rounding, the optimal process parameters 
were a lapping pressure of 4.8 kPa, spindle speed of 60 r·min-1, and lapping fluid flow rate of 50 ml·min-1. 

 

Fig. 4 Fitness diagram 

4.3 Verification 

When all else is equal, the best lapping process parameters after rounding were chosen to grind CP-Ti samples. After 
lapping, the samples were measured by a 3D surface topography analyzer (PS50). Five points were randomly selected on 
the sample surface for testing, and the average value was taken as the measured surface roughness, as shown in Tab. 4. 

Tab. 4 Surface roughness 

Number 1 2 3 4 5 

Ra(μm) 0.102 0.102 0.125 0.123 0.115 

file:///F:/youdao/Dict/8.9.6.0/resultui/html/index.html%23/javascript:;


The average value of surface roughness Ra  is as follows: 

  1134.0554321  RaRaRaRaRaRa                         (9) 

where 
iRa  is the ith measurement value. 

The surface roughness error, the difference between the theoretical value and the measured value, is as follows: 

  %62.0 mmt RaRaRaError                               (10)                    

where 
mRa  is the measured surface roughness value  and 

tRa  is the theoretical surface roughness value. 

5 Conclusion 

1) A BPNN model was constructed by combining the process parameters for the free abrasive lapping of CP-Ti and the 
surface roughness of the sample after lapping, and the BPNN model was trained through the data obtained from the 
orthogonal experiment. Then, the predicted results of the model were evaluated by evaluation index accuracy. By 
comparison, when the number of hidden layer nodes is equal to 5, the prediction accuracy of the model is the highest at 
83.72%. 

2) After the optimization of the PSO algorithm with mutation, the rounded process parameters were determined. When 
the lapping pressure was 5 kPa, the spindle speed was 60 r·min-1 and the lapping fluid flow was 50 ml·min-1, the surface 
roughness of the CP-Ti samples was the lowest at 0.1127 μm. 

3) The surface roughness measured after lapping was 0.1134 μm, and the surface roughness error predicted by the neural 
network was within 0.62%, which effectively reduced the surface roughness of CP-Ti and improved the surface quality 
of CP-Ti. 
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Figures

Figure 1

Schematic diagram of the lapping principle

Figure 2

Architecture diagram of the neural network



Figure 3

Flow chart of the optimization of the particle swarm optimization algorithm with mutation



Figure 4

Prediction comparison with the optimal number of nodes in the hidden layer

Figure 5

Fitness diagram
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