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Abstract—With the wide application of power electronic 

devices, it is more and more important to realize their 

production control. In order to predict the production 

capacity of thyristor, the data set of production line is 

normalized based on principal component analysis, and the 

fuzzy multivariate linear equation of output rate is 

established. By combining mathematical programming 

model with fuzzy algorithm, the fuzzy c-means parameters 

of RBF algorithm are adjusted, and the output rate 

prediction model is established and optimized to predict the 

output of thyristor production line. Taking the data of a 

thyristor production line as the sample, the BP neural 

network and RBF network models are compared, and the 

prediction results under different hidden layer nodes are 

analyzed. The results show that compared with other 

models, the error of the improved FNN model is smaller, 

and the prediction accuracy can reach more than 95%, 

which has good generalization performance. At the same 

time, a large number of experiments verify that the best 

hidden layer node value is 30 when the model predicts the 

thyristor output rate. 
 

Index Terms—thyristor, production capacity forecast, Fuzzy 

neural network, radial basis function neural network, 

production line 
  

I. INTRODUCTION 

Since the 1980s, the world's electronic technology has 

made a new breakthrough. As an important power 

electronic device, thyristors are closely related to 

people’s lives [1]. With the popularization of thyristor 

and other power electronic devices, it is becoming more 

and more important to realize its production control. 

Output rate is a parameter index used in production 

line to measure performance [2]. The prediction results of 

output rate can not only help enterprises understand the 

output of production line in advance, but also have 

relevant guiding significance for other optimization 

problems, and can be used to detect the effect of optimal 

scheduling [3], [4]. Furthermore, the existing production 

prediction methods are not universal to the specific 

production and processing process. There are problems of 

complex process and large amount of data. It is urgent to 

use accurate and fast methods to analyze and predict the 

production [5]-[7]. 

With the development of computer technology and 

artificial intelligence, more and more advanced 

technologies are integrated into the manufacturing 
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process, which provides new ways and ideas for 

industrial forecasting. For example, the Recurrent Neural 

Network (RNN) is used to establish a prediction model to 

predict the energy consumption, output and other 

parameters of the plastic production line [8]. Through the 

establishment of fuzzy c-means radial basis function 

neural network model, the production status of ethylene 

plants with different processes and scales can be 

predicted [9]. The prediction model based on grey 

correlation and GA-BP (Genetic algorithm neural 

network) neural network is established to solve the 

measurement of dragline production capacity [10]. Based 

on the combination of back propagation neural network 

and mathematical programming, a prediction model is 

established to predict the output rate of semiconductor 

production line [11], [12]. Due to the high correlation 

between output rate and other performance indicators, it 

is easy to be affected by other indicators [13]. This paper 

selects relevant performance factors and establishes a 

multiple linear regression model of output rate. At the 

same time, in order to ensure the accuracy of prediction 

and the simplicity of the process, the combination of 

mathematical programming and RBF (radial basis 

function) modeling is used to predict the output. The 

performance index of thyristor output rate is determined 

by principal component analysis. Then, a multilinear 

model is established. The RBF parameters are adjusted by 

mathematical programming model combined with fuzzy 

algorithm, and the output rate is predicted and analyzed 

by using the improved network model. 

II. MODEL ESTABLISHMENT BASED ON FUZZY 

NEURAL NETWORK 

Fig. 1 shows the framework of the output rate 

prediction model. Firstly, the key factors affecting the 

output rate in the production line data are selected by 

principal element analysis; Secondly, according to these 

key factors, the multiple linear regression equation is 

constructed, normalized, fuzzified, and preliminary 

nonlinear programming prediction model is obtained; 

Then, the initial parameters of the network are obtained 

by initialization of RBF, the initial values are used for 

prediction; Finally, the preliminary prediction results are 

compared with the accuracy requirements, if the 

requirements are not met, the C value parameter is 

modified and the prediction will be carried out again. 

Repeat the above process to get the final prediction result 

accurately. 
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Figure 1.  Prediction frame of thyristor output rate. 

A. Fuzzy Multiple Linear Regression Model 

In order to avoid unnecessary calculation, the main 

performance indicators are extracted from the collected 

production line data [11], [12], including the size of the 

workpiece, the average utilization rate of the equipment, 

the total length of the workpiece queue, the queue length 

of the bottleneck equipment, the waiting time of the 

workpiece, and the wip (number of work in process). 

Combined with the idea of feature weighting, the multiple 

linear regression model including the above six factors is 

constructed. The normalization equation is shown in (1), 

represents the maximum and minimum values of 

variables in the sample, and represents each key factor. 

Equation (2) is an inverse normalization equation. 
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J represents the size of the workpiece, w represents the 

utilization rate of the equipment, wip  represents the 

number of work in process, bqn represents the queuing 

length of the bottleneck equipment, qn  represents the 

total length of the queue, and wt represents the waiting 

time of the workpiece. 

For the sake of ensuring the accuracy of the model in 

the case of high uncertainty caused by random failure, 

workpiece rework and emergency order, triangular 

fuzzification is applied to the model parameters to form 

the fuzzy multivariate linear equation of the output rate as 

follows: 
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B. RBF Neural Network 

The learning process of RBF neural network can be 

divided into two stages [14]: learning without teachers 

and learning with teachers, which are used to obtain the 

standardized constant 
ij ( n...,2,1i = , pj ...21 ，，= , n is 

the number of samples, P is the number of clustering 

centers) in Gaussian function and the weight from hidden 

layer to output layer 
T

iwW ）（= ( ci ...,21，= , )...,,( 21 imiii wwww = , m is 

the number of RBF output nodes). The structure diagram 

is shown in Fig. 2 below: 

 

Figure 2.  Schematic diagram of RBF network structure. 

Firstly, the clustering center can be obtained by 

clustering algorithm T

scccC ),...,,( 21i = ((i = 1,2,..., P), P 

is the number of cluster centers, s is the input dimension 

of sample data). And then, calculate the distance between 

each input vector and each cluster center. Generally, 
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euclidean distance formula is used to calculate the 

distance. The formula is as follows:  
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K is the sample number and r is the number of the 

minimum distance hidden node. Secondly, the output of 

each node in the hidden layer of RBF network )(i kH  is 

obtained by Gaussian function: 
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k  is the width )(min kd  of the k-th  node in the 

hidden layer of RBF  network 

),..,2,1;,...,2,1( pimkwki == . Then, the connection 

weights from the hidden layer to the output layer of RBF 

network are calculated based on the above equivalence 
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 Tp xHxHxHH )(),...,(),( 21= ;  is the learning rate, and 

10  . 

Finally, the linear mapping relationship from the 

hidden layer to the output layer of the RBF network can 

be obtained as: 
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C. RBF Model Based on Fuzzy c-Means 

In order to further improve the accuracy of the network 

and reduce the number of hidden layer nodes, the fuzzy c-

means clustering algorithm is used in the data set training, 

and the judgment basis of clustering quality is added. The 

specific steps are as follows:  

(1) The data samples are normalized according to 

formula (1), the new data sets with s variables and time 

sequence length t can be normalized: 
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In this paper, the corresponding input 
nX  is a linear 

equation composed of six elements of the production line 

nO . 

(2) Use fuzzy c-means algorithm to cluster n 

clusters: 
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(3) Adjust cluster center: 
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(4) Determine the clustering quality  

Set error upper limit ε=1 and the upper limit of 

iteration maxT =1000. Then, set the number of iterations 

t=0. The samples were trained repeatedly until the 

following conditions were met. 
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(5) Substitute the improved clustering result into 

equation (7), recalculate the distance, and improve the 

output model from the hidden layer to the output layer. 

The overall algorithm flow is shown in Fig. 3: 

 

Figure 3.  Flow chart of RBF algorithm based on fuzzy c-means 
clustering. 

III. TEST OF DATA SET 

Before the appearance of deep learning, RBF neural 

network has proposed 2-stage training. In order to 

preliminarily verify the effectiveness of the proposed 

fuzzy c-means with linear programming (Fcmlp-rbf) 

model, this paper tests the standard datasets of ZOO and 

WINE in UCI database. There are 16 input attributes and 

one output attribute in the ZOO data set, and 13 input 

attributes and one output attribute in the WINE data set 

[15], [16].  

Two groups of comparative experiments are designed 

in this paper: in the case of the same number of hidden 
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layer nodes, the prediction performance of BP, K-rbf and 

Fcmlp-rbf neural networks is analyzed, and the standard 

data sets in zoom and wine are used to test, and the test 

results are compared and analyzed; Taking K-rbf as an 

example, the influence of the number of hidden layer 

nodes on the prediction error is analyzed by changing the 

number of hidden layer nodes.  

In the experimental parameters, the learning factor of 

single-layer BP network is 0.1, the momentum factor is 

0.9, the number of iterations is 1000, the number of 

hidden layer nodes is 30 and 10 respectively, and the 

excitation function is S-type function. The number of 

hidden layer nodes of RBF networks (K-rbf and Fcmlp-

rbf) is 30 and 10 respectively, the number of iterations is 

1000, and the learning factor is 0.1. Among them, the 

number of nodes in the hidden layer of K-rbf network is 

30 and 40 in the experiment. The model was built by 100 

groups of ZOO training samples, and 20 groups of test 

samples were predicted. 150 groups of WINE training 

samples were used to build the model, and 30 groups of 

test samples were predicted. The results are shown in 

Table I and Table II.  

TABLE I.  TEST RESULTS OF ZOO STANDARD DATA SET 

Item 

Number of 

hidden layer 

nodes 

Average relative 

error/% 

Root mean 

square error/% 

BP 30 7.06 41.55 

K-RBF1 30 6.02 39.91 

K-RBF2 40 5.12 15.81 

FCM-RBF 30 5.08 14.22 

TABLE II.  TEST RESULTS OF WINE STANDARD DATA SET 

Item 

Number of 

hidden layer 

nodes 

Average relative 
error/% 

Root mean 
square error/% 

BP 10 7.25 38.24 

K-RBF1 10 6.57 28.61 

K-RBF2 20 6.48 26.63 

FCM-RBF 10 6.34 26.60 

 

The comparison diagrams are shown in Fig. 4 and Fig. 

5:  

 

Figure 4.  Test results of standard data set of Zoo. 

 

Figure 5.   Test results of standard data set of WINE. 

It can be seen from Fig. 4 and Fig. 5 above that: from 

the perspective of measurement accuracy, under the same 

number of hidden layer nodes, the generalization error 

and generalized root mean square error of Fcmlp-rbf and 

K-rbf networks are significantly better than those of BP 

neural networks, and Fcmlp-rbf network is the best. 

When increasing the number of hidden layer nodes, take 

K-rbf neural network as an example: the average relative 

error and root mean square error of K-rbf neural network 

are optimized with the increase of the number of hidden 

layer nodes, the error is close to Fcmlp-rbf network with 

10 nodes in the case of 20 nodes.  

Based on the above analysis, fcmlp-rbf network can 

achieve or even surpass the accuracy of K-rbf and BP 

neural networks with fewer hidden layer nodes, and has 

better prediction ability, which also verifies the 

effectiveness of Fcmlp-rbf model. 

IV. PRODUCTION FORECAST OF THYRISTOR 

A. Production Analysis 

The main purpose of power electronic devices is to 

realize the transmission, processing, storage and control 

of electric energy, which is widely used in people's daily 

life and industrial production. Since the beginning of the 

20th century, power electronic devices have experienced 

many generations of upgrading, their product structure 

and process ability have gradually become perfect [17], 

[18]. Taking thyristor as an example, the general 

assembly flow chart is as follows (Fig. 6): 

 

Figure 6.  General assembly process of thyristor. 
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The production process of a thyristor includes feeding, 

chip loading, plastic loading, electroplating, punching, 

testing, packaging, delivery, etc. Among them, the queue 

length of bottleneck equipment bqn  usually depends on 

the speed of the test, so the length before and after the test 

is taken as the queue length in the prediction training; 

The total length of the work queue qn includes the whole 

process from the frame online to the product packaging 

and warehousing. 

B. Production Forecast of Thyristor 

In this paper, 60 groups of production line data of a 

real thyristor factory are used to constitute the data 

sample of validation test. The first 30 groups of data are 

taken as training samples, and the next 30 groups of data 

are taken as test samples. The actual value of output rate 

is expressed by the letter Y. The simulation software 

Lingo is used to optimize the parameters, and MATLAB 

2020A is selected to verify the model. The RBF neural 

network algorithm based on fuzzy c-means is used to 

predict the parameters. The six variables j, w, wip , 

bqn , qn , wt , corresponding to the corresponding 

input nodes of RBF, and the predicted value of output 

rate is the output target. 

(1) According to the historical experience, the 

hidden layer node P is determined as 30, Gaussian 

function )(xH  is selected as the transfer function, and 

the upper limit of error is determined by clustering ε Set 

to 0.1. The upper limit of iteration maxT  is set to 1000. 

In this paper, we choose  = 0.1 as the learning rate in 

the experimental training. The output rate prediction 

results are shown in Fig. 7, and the test error and training 

error are shown in Fig. 8 (the abscissa in the figure is the 

training group): 

 

Figure 7.  Comparison of the predicted output rate with the actual 
output rate. 

 

Figure 8.  Line chart of training error and test error. 

As can be seen from Fig. 7 above, when the number of 

hidden layer nodes is 30, the training result of Fcmlp-rbf 

is very close to the actual value. The average relative 

training error of Fcmlp-rbf is 3.71%. The results of Fig. 8 

show that during the training process, the prediction 

model error of training samples is basically kept in a 

small range, which indicates that the prediction model has 

been well trained. In the test process, the sample test error 

data fluctuates greatly, but the overall error range is less 

than 5%, and the overall prediction accuracy is high. 

(2) In order to find the best number of hidden layer 

nodes, the fcmlp-rbf network is used to test the original 

data. The results are as follows: 

 

Figure 9.  Prediction results of nodes in different hidden layers. 

It is not difficult to see from Fig. 9 above that with the 

increase of the number of hidden layer nodes, the 

prediction accuracy of Fcmlp-rbf network is also 

improving. When the number of hidden layer nodes 

reaches 30, the prediction accuracy changes little, and the 

average error is less than 1%. Therefore, when Fcmlp-rbf 

network is used to predict the capacity of thyristor, the 

best number of hidden layer nodes is 30. 

V. CONCLUSION 

Aiming at the productivity prediction method of 

thyristor production line, this paper proposes a RBF 

network prediction model based on fuzzy C-means 

(Fcmlp-rbf). The model can reduce the number of hidden 

layer nodes and increase prediction accuracy on the basis 

of eliminating the influence of initial clustering center on 

the clustering results. Firstly, in the stage of agent fuzzy 

cooperation, the prediction results are gradually 

transferred through the agents, and the number of 

participating agents is set by prediction performance 

feedback. When prediction accuracy meets the 

requirements, the agents are stopped; Secondly, in the 

fuzzy aggregation stage, prediction range of each agent is 

gradually approaching in the process of adding one by 

one. The prediction range of the model is equal to final 

prediction range of the agent, all fuzzy prediction results 

are converged according to the fuzzy rules; Finally, in the 

anti fuzzification stage, the aggregation results of 

multiple agents are transformed into exact single 

prediction value to complete prediction process. 

At the same time, the UCI standard data set test 

verifies that compared with BP and K-rbf network model, 

the proposed prediction model has less hidden layer 

nodes, faster training speed, smaller training error, and 
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will not weaken recall and generalization ability of RBF 

network model. 
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